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During conversations, speakers employ a number of verbal and nonverbal mechanisms to establish who
participates in the conversation, when, and in what capacity. Gaze cues and mechanisms are particularly
instrumental in establishing the participant roles of interlocutors, managing speaker turns, and signaling
discourse structure. If humanlike robots are to have fluent conversations with people, they will need to
use these gaze mechanisms effectively. The current work investigates people’s use of key conversational
gaze mechanisms, how they might be designed for and implemented in humanlike robots, and whether
these signals effectively shape human-robot conversations. We focus particularly on whether humanlike
gaze mechanisms might help robots signal different participant roles, manage turn-exchanges, and shape
how interlocutors perceive the robot and the conversation. The evaluation of these mechanisms involved 36
trials of three-party human-robot conversations. In these trials, the robot used gaze mechanisms to signal
to its conversational partners their roles either of two addressees, an addressee and a bystander, or an
addressee and a nonparticipant. Results showed that participants conformed to these intended roles 97% of
the time. Their conversational roles affected their rapport with the robot, feelings of groupness with their
conversational partners, and attention to the task.
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1. INTRODUCTION

Humanlike robots promise to provide social and intellectual assistance in our daily
lives as information booth attendants, museum guides, shopkeepers, storytellers, ed-
ucational assistants, and companions for children and the elderly. In these positions,
robots will need to establish and maintain conversations with the people they are assist-
ing. Achieving fluent conversations will require that robots effectively employ verbal
and nonverbal conversational mechanisms that people use in day-to-day interactions.
Research in human communication suggests that successful conversations depend on
the effective use of gaze cues, which play a particularly important role in establishing
the conversational roles of interlocutors [Bales et al. 1951; Schegloff 1968; Goodwin
1981], managing speaker turns [Duncan 1972; Sacks et al. 1974], and signaling topic
changes in verbal discourse [Grosz and Sidner 1986; Cassell et al. 1999a; Quek et al.
2000; Quek et al. 2002a].

While research to date has emphasized the role of key gaze cues and mechanisms
in conversations and provided clues about their functioning, how these mechanisms
might be computationally reconstructed, assembled to function harmoniously, and im-
plemented into humanlike robots to achieve fluent human-robot conversations is un-
known. Furthermore, research has not yet explored how these mechanisms might allow
humanlike robots to achieve high-level social outcomes such as building rapport with
people. The current research seeks to answer the following questions. What are the key
gaze mechanisms humanlike robots should use to effectively engage in conversations
with people? How can we gain a computational understanding of these mechanisms?
How can we integrate these mechanisms into coherent models of gaze behavior for
humanlike robots? How might robots use these mechanisms to evoke positive social
and cognitive outcomes?

This work seeks to answer these questions through three phases: (1) computational
modeling of key conversational gaze mechanisms, (2) interaction design of these mech-
anisms for humanlike robots, and (3) experimental evaluation of the social outcomes
of manipulations in these mechanisms. The computational modeling phase involves
formal observations of human conversations and detailed analyses of the gaze cues of
the conversational participants, producing hybrid rule-based and stochastic models of
gaze behavior. The interaction design phase seeks to combine a set of mechanisms into
a coherent conversational behavior that can be implemented in available humanlike
robot platforms. Finally, the evaluation phase involves creating human-robot conver-
sation scenarios and manipulations in the designed mechanisms to better understand
their conversational and social outcomes.

The remainder of this section outlines the key conversational mechanisms on which
this research focuses. The remainder of the article will describe the three research
phases above and discuss their findings and limitations.

1.1. Conversational Gaze Mechanisms

In conversations, gaze cues serve a number of functions—from helping a speaker hold
the floor [Kendon 1967] to clarifying who is being addressed [Schegloff 1968]. We re-
fer to behavioral cues that serve particular communicative functions as mechanisms.
Research on conversations highlights three key gaze mechanisms: (1) cues that en-
able speakers to signal conversational roles, (2) signals that facilitate the taking and
passing of speaking turns, and (3) gaze shifts that provide information on the struc-
ture of the speaker’s discourse. The following paragraphs provide background on these
mechanisms.

1.1.1. Role-Signaling Mechanism. Interlocutors of a conversation engage in the ongoing
discourse at varying levels of involvement that determine their “participant roles”
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Fig. 1. Levels of conversational participation (adapted from Goffman [1979] and Clark [1996]).

[Goodwin 1981] or “footing” [Goffman 1979] or the “participation structure” of the
conversation [Levinson 1988]. These participant roles not only determine how the
conversation is organized (who is speaking and when) [Goffman 1979; Clark 1996],
but also shape spoken discourse (what is being said) [Hymes 1972; Hanks 1996]. The
core conversational roles are those of the speaker and the addressee [Clark 1996].
Conversations with more than two participants may also involve side participants who
are the “unaddressed recipients” of the speech at that moment [Goffman 1979; Wilkes-
Gibbs and Clark 1992; Clark 1996]. In addition to these “ratified participants” [Goffman
1979], conversations might involve “non-participants” [Clark 1996]. For instance, there
might be bystanders whose presence the participants acknowledge and who observe the
conversation without participating in it [Goffman 1979; Clark and Carlson 1982; Clark
1996]. There might also be hearers whose presence the participants do not acknowledge,
but who follow the conversation closely, such as overhearers who are unintentionally
listening to the conversation and eavesdroppers who have engineered the situation to
purposefully listen to the conversation [Goffman 1979]. Figure 1 provides an abstract
illustration of these different levels of participation.

While participant roles might be fixed in some social settings (e.g., lectures), most
conversational settings allow for the shifting of roles over the course of the conversation.
For instance, the role of the speaker or the addressee in a two-party conversation might
change at any moment in the conversation [Goffman 1979]. The direction of gaze plays
an important role in establishing and exchanging conversational participant roles.
In conversations that involve more than two people, the gaze of a speaker toward
another participant can signal that the speaker is addressing that participant [Sacks
et al. 1974; Goodwin 1981]. In this situation, the speaker indicates a “communication
target” [Bales et al. 1951]. When there is no single intended target (i.e., when a speaker
is addressing a group), gazing at a participant long enough might create the belief that
the speaker is addressing that participant [Bales 1970]. On the other hand, when there
is an intended target and the speaker does not signal by means of gaze whom is being
addressed, breakdowns might occur in the organization of the conversation [Schegloff
1968].

1.1.2. Turn-Taking Mechanism. Role shifts among conversational participants are en-
abled by a turn-taking mechanism, which allows interlocutors to seamlessly exchange
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speaking turns [Yngve 1970; Goffman 1971]. Research in conversational organiza-
tion suggests that turn-exchanges follow one of two models: (1) “one part speaks at
a time” model in which participants sequentially take turns to share a single floor
[Sacks et al. 1974], and (2) a model with more than one floor and “overlapping talk”
in which participants collaboratively develop the floor and take turns when function-
ally appropriate [Edelsky 1981; Schegloff 2000]. Gaze direction serves as a key signal
in managing turns in both single-floor turn-exchanges [Nielsen 1962; Duncan 1972;
Sacks et al. 1974; Goodwin 1980; 1981] and in overlapping talk [Schegloff 2000]. For
instance, speakers might look away from their addressees to indicate that they are in
the process of constructing their speech and do not want to be interrupted and look at
their addressees to signal the end of a remark and the passing of the floor to another
participant [Nielsen 1962]. In this context, the participant at whom a speaker looks at
the end of a remark would be more likely to take the role of the speaker next [Weisbrod
1965] (as described by Kendon [1967]). Exchanging of turns might be delayed when
remarks do not end with gazing at another participant [Kendon 1967; Vertegaal et al.
2000].

1.1.3. Topic-Signaling Mechanism. Participants in a conversation form a discourse—a
composition of discourse segments in particular discourse structures [Grosz and Sid-
ner 1986]. These structures signal shifts in topic in the discourse or how information
is organized [Halliday 1967; Brown et al. 1980]. Speakers produce a number of cues
that signal these structures to enable contributions from other participants or to direct
attention to important information [Goodwin 1981; Whittaker and Stenton 1988; Cas-
sell et al. 1999b]. These signals include verbal, vocal, and nonverbal cues, particularly
verbal prompts, repetitions, and summaries [Whittaker and Stenton 1988], discourse
markers [Schiffrin 1988; Clark 1996], vocal intonation [Hirschberg and Pierrehumbert
1986; Hirschberg and Grosz 1992], and nonverbal cues such as gaze and gestures [Cas-
sell et al. 1999b; Quek et al. 2002a; Quek et al. 2002b]. Gaze cues serve as a particularly
important cue for signaling discourse structure; research on the relationship between
speaker gaze shifts and the thematic structure of utterances show that 73% of all gaze
shifts toward the addressee correspond with the shifts in the thematic structure toward
providing new information [Cassell et al. 1999b]. In this context, gaze might serve as a
mechanism to draw the addressee’s attention to important new information in spoken
discourse.

Research on the conversational role of gaze cues suggests that these three gaze
mechanisms are inseparable. For instance, the proper functioning of the role-signaling
mechanism depends on the functions afforded by a turn-taking mechanism [Bales et al.
1951; Schegloff 1968; Bales 1970]. Similarly, speaker gaze cues that signal discourse
structure, particularly looking toward an addressee while delivering new information,
might also signal the availability of the floor for the next speaker [Cassell et al. 1999b].
Furthermore, human conversations involve several other mechanisms that serve spe-
cific functions in specific conversational contexts. For instance, gaze cues might help
disambiguation when the conversation involves referring to information, artifacts, or
other people in the environment [Hanna and Brennan 2007]. These mechanisms are
not considered in the work described here.

Existing knowledge on conversational gaze mechanisms have been primarily based
on English conversation and our understanding of these mechanisms in Japanese con-
versations is sparse. While not on gaze, comparisons of linguistic and other conversa-
tional mechanisms such as turn-taking, simultaneous talk, and backchannels indicate
that these mechanisms are employed in both English and Japanese conversations but
appear at significantly different rates [Maynard 1986; Hayashi 1988; Tanaka 1999].
Therefore, we expect that these conversational gaze mechanisms generalize across the
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two languages in functioning but vary in how much and under what circumstances
interlocutors employ them.

1.2. Related Work on Conversational Gaze Mechanisms

Conversational gaze mechanisms have been explored by different research communi-
ties in order to design embodied conversational agents, build immersive virtual envi-
ronments, and create embodied social cues for humanlike robots. The discussion below
provides an overview of related work in the embodied conversational agents, immersive
virtual environments, and human-robot interaction communities.

1.2.1. Embodied Conversational Agents. The majority of the prior research on designing
conversational gaze mechanisms has been done with the goal of designing embodied
conversational agents and intelligent virtual agents [Cassell et al. 1994; Garau et al.
2001; Thórisson 2002; Rehm and André 2005; Heylen et al. 2005]. Researchers in this
area have explored how verbal and nonverbal cues might facilitate a number of con-
versational functions including turn-taking, feedback, repair, and synchronized speech
[Cassell et al. 1994; Vilhjálmsson and Cassell 1998; Cassell et al. 1999a]. They have
built systems that combined nonverbal cues such as gaze, gestures, facial expressions,
and postural shifts [Cassell et al. 1999a; Cassell et al. 2001; Lee et al. 2002]. These
systems primarily used gaze cues to achieve conversational functions such as estab-
lishing participant roles, facilitating turn-exchanges, and signaling discourse structure
[Cassell et al. 1999a; Vertegaal et al. 2001]. Evaluations of these systems showed that
by employing signals that resemble human gaze cues (as opposed to randomly gener-
ated signals), conversational agents can achieve more efficient conversations, increase
task performance, and improve people’s evaluations of them [Colburn et al. 2000; Garau
et al. 2001; Lee et al. 2002; Heylen et al. 2005]. Using these signals effectively, agents
can also improve how much people conform to the intended participant structure of a
conversation [Rehm and André 2005].

1.2.2. Immersive Virtual Environments. Conversational gaze cues have also been explored
in the context of building immersive virtual environments (IVEs), particularly to im-
prove the communicative effectiveness of avatars toward gaining positive social and
cognitive outcomes [Garau et al. 2003; Bailenson et al. 2005; Murray et al. 2007; Step-
toe et al. 2008]. These studies have shown that when the gaze cues of an avatar are
designed to match the conversational role of the avatar as opposed to random gaze,
people perceive the avatar to have a stronger social presence and conversational in-
volvement and evaluate the avatar and the overall quality of the interaction more
positively [Garau et al. 2003]. Studies in this area have also explored how speaker
gaze cues might be “augmented” to create the impression in two listeners that they
are being addressed simultaneously [Bailenson et al. 2005]. This work compared par-
ticipants’ evaluations of the speaker across augmented and typical gaze conditions
and found that augmented gaze improved the overall agreement with the speaker’s
message.

1.2.3. Human-Robot Interaction. A more recent but growing number of studies in human-
robot interaction have explored conversational gaze cues in the context of designing
humanlike robots that show appropriate social behavior [Sidner et al. 2004; Mutlu
et al. 2006; Bennewitz et al. 2006; Kuno et al. 2007; Trafton et al. 2008; Yamazaki et al.
2008; Yamazaki et al. 2010; Staudte and Crocker 2011]. These studies show that robots
elicit more appropriate responses from conversational partners when they display
appropriately timed gaze cues such as looking toward their addressees at “turn-relevant
places” [Sacks et al. 1974] during turn-exchanges as opposed to producing random
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gaze shifts [Bennewitz et al. 2006; Kuno et al. 2007; Yamazaki et al. 2008; Yamazaki
et al. 2010]. Such appropriate timing of gaze cues also improves how conversational
partners evaluate robots [Trafton et al. 2008]. The appropriate direction of gaze cues
also affects conversational outcomes in human-robot interaction; robots can facilitate
comprehension when their gaze direction is congruent with their verbal reference
and disrupt comprehension when the information from their gaze and speech are
incongruent [Staudte and Crocker 2011]. Finally, robots interacting with large groups
can more accurately indicate the target of a hand-over by directing gaze toward the
target participant [Kirchner et al. 2011].

These studies provide considerable evidence that displaying appropriate humanlike
gaze behavior improves people’s perceptions of the conversational effectiveness of arti-
ficial agents, including embodied conversational agents, avatars in immersive virtual
environments, and humanlike robots. However, how robots might use specific gaze
mechanisms to achieve more fluent conversations is still unknown. The next section
describes our process of modeling three conversational mechanisms that are key to
achieving fluent conversational functioning.

2. PHASE I: MODELING OF CONVERSATIONAL GAZE MECHANISMS

A central problem in the study of social behavior for interactive computer interfaces—
including humanlike robots—is determining how valid communicative signals that
people recognize and reciprocate might be designed for these interfaces. Approaches
to this problem involve designing behaviors that follow a set of principles developed
and refined over time (e.g., Thomas and Johnston [1995]) or metaphors that scaffold
the interaction (e.g., Laurel [1991]). A promising approach is to guide the design of
behavioral cues using validated theories of human communication, such as the use
of Politeness Theory [Brown and Levinson 1987] in the design of the conversational
characteristics of pedagogical agents [Wang et al. 2005; Wang and Johnson 2008]. In
human-robot interaction, previous studies have drawn on theory on conversational
turn-taking [Sacks et al. 1974] to design the conversational gaze behavior of a robot
[Kuno et al. 2007]. However, due to their explanatory character, these theories fail to
provide all the specifications needed to recreate behavioral mechanisms and serve only
as scaffolding for design.

The current study further formalizes this approach into a design process guided
by theories of human communication and analyses of empirical observations of social
situations in the design of behavioral mechanisms for humanlike robots. Below we
describe the theoretical scaffolding and empirical specification of the conversational
gaze mechanisms that the current study investigates.

2.1. Participation

Research in nonverbal behavior reports strong effects of group composition on both the
production and the perception of gaze, particularly of gender [Exline 1963; Argyle and
Dean 1965; Argyle and Ingham 1972] and age [Efran 1968; Libby 1970]. Our previous
work also found gender effects on how the robot’s gaze affected people’s performances
and their perceptions of the robot [Mutlu et al. 2006]. One of the limitations of this
work was that we used observations of a female speaker in an all-female triad to de-
sign the gaze behavior of the robot and evaluated the designed gaze behavior with
a mixed-gender population. We suspect that our results might have been affected by
gender-based differences in the production and perception of gaze behavior. Therefore,
we decided to control for these group composition effects, testing our hypotheses in
a smaller population of male native-Japanese-speaking college students from the Os-
aka area of Japan between the ages of 18 and 24. We recruited four all-male triads
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(12 subjects1) to perform the tasks in the modeling study. Accordingly, we also limited
our subject profile for the observation to an all-male triad and chose a male exper-
imenter to administer the study. Subjects were paid ¥1,500 (roughly $14 or €9) for
their participation in the study.

2.2. Setup, Task, and Procedure

A broad survey of discourse theory suggests that gaze cues are strongly associated
with the structure of the discourse, particularly with information, conversation, and
participation structures [Bales et al. 1951; Kendon 1967; Schegloff 1968; Duncan 1972;
Sacks et al. 1974; Goodwin 1981; Cassell et al. 1999b] and that they might serve as
three key conversational mechanisms.

Information Structure and Topic-Signaling Mechanism. Patterns in gaze shifts tem-
porally aligned with the structure of the speaker’s discourse, particularly changes in
topic or shifts between thematic units of utterances [Cassell et al. 1999b].

Conversation Structure and Turn-Taking Mechanism. Speaker gaze cues that fa-
cilitate turn-exchanges (producing turn-yielding, turn-taking, and floor-holding gaze
signals) [Kendon 1967; Duncan 1972; Sacks et al. 1974; Goodwin 1981].

Participation Structure and Role-Signaling Mechanism. Speaker gaze cues that
signal the roles of interlocutors [Bales et al. 1951; Schegloff 1968; Goodwin 1981].

To limit the scope of our investigation, we focused on the following three key partici-
pant roles described by Goffman [1979], Levinson [1988], and Clark [1996]: addressees,
bystanders, and overhearers. In the context of this research, addressees include par-
ticipants who take speaking turns to contribute to the conversation and to whom the
speaker addresses while speaking. Bystanders are acknowledged nonparticipants who
do not take speaking turns and whom the speaker does not address while speak-
ing, but whose presence is acknowledged during the conversation, particularly dur-
ing greetings and leave-taking. Overhearers involve unacknowledged nonparticipants
who do not take speaking turns, whom the speaker does not address while speaking,
and whose presence is not acknowledged at any point in the conversation. Here, it is
important to note that we chose the role of overhearer to refer to the general cate-
gory of unacknowledged non-participants for purposes of consistency. In the context
of our study, this role is considered interchangeable with an eavesdropper or ignored
participant.

To further specify the communicative mechanisms described in the previous section,
we conducted formal observations guided by existing theory on conversational orga-
nization. In these observations, we provided naive participants with conversational
scenarios involving different role structures, asked them to converse according to these
roles, and observed how speakers used gaze cues to signal these roles. We created
three role structures: (1) two-party conversation with a speaker, an addressee, and an
overhearer, (2) two-party-with-bystander conversation with a speaker, an addressee,
and a bystander, and (3) three-party conversation with a speaker and two addressees
(illustrated in Figure 2).

The study procedure was as follows: Before their participation, all subjects were
asked to review and sign consent forms. Next, they were asked to provide demo-
graphic information and fill in a questionnaire that measured introversion-extroversion

1To distinguish conversation participants (those who participate in a conversation by taking speaking turns)
from study participants (those whom we recruited to participate in our investigation), the latter will hereafter
be referred to as “subjects.”
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Addressee
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Fig. 2. The data collection setup for the three conversational structures studied: (top) a two-party conver-
sation, (middle) a two-party conversation with a bystander, and (bottom) a three-party conversation.

[Goldberg et al. 2006]. All triads performed all three scenarios for fifteen minutes in
the order listed above. At the beginning of each scenario, subjects were provided with
a description of the scenario and their roles. They were first given five minutes to ask
questions and adapt to their roles. Between each pair of scenarios, subjects were asked
to take ten-minute-long breaks and solve crossword puzzles in order to distract them
from their roles in the previous scenario. Subjects were compensated at end of their par-
ticipation. The study procedure was reviewed and approved by the ATR Institutional
Review Board.

2.3. Measurement and Analysis

We captured subjects’ gaze behavior using high-definition cameras placed across from
their seats. Subjects’ speech was captured using stereo microphones attached to their
collars. The cameras provided video sequences of subjects’ faces (from hair to chin). We
placed an additional camera on the ceiling to capture the interaction space. For both
practical and ethical reasons, cameras remained visible to the study subjects. In total,
we captured approximately 45 minutes of video for each subject and 180 minutes of
data for each triad from four cameras.

An important limitation of modeling the behavior of naive subjects role-playing in
predetermined scenarios is the low fluency of interaction led by factors such as cer-
tain aspects of personality (such as introversion), experimenter effects (performance
anxiety), and unfamiliarity with the topic of the scenario and with conversational part-
ners. In order to base our inquiry on data that is minimally affected by these factors,
we used data from the triad that exhibited the most fluent interaction for our detailed
analysis (determined based on the total amount of pauses in the conversation that was
calculated from the videos and subjects’ levels of extroversion/introversion that were
measured through questionnaires). To limit our focus to how speakers use gaze cues
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to signal participant roles, we analyzed only the speaker’s gaze behavior. However,
because certain conversational mechanisms such as turn-taking necessarily involve
reciprocity, we also analyzed addressee gaze and speech, but only at turn-exchanges.
The final analysis included an close examination of 45 minutes of video data from
a single speaker and segments of the video data from each addressee or bystander at
turn-exchanges. For purposes of simplicity, interruptions and backchannel responses—
short utterances, such as “uh-huh,” “yeah,” and “okay,” produced by one conversational
participant while the other is talking [Ward and Tsukahara 2000]—were omitted in
the analysis.

The analysis of the video data involved data coding and descriptive statistics, in
particular coding of speech and gaze events from the video, calculating frequencies of
and co-occurrences among these events, and computing the distribution parameters
for the temporal and spatial properties of these events.

2.4. Results

Our modeling process sought to capture the basic spatial and temporal parameters of
gaze cues and aspects of conversational mechanisms that signal information, conver-
sation, and participation structures. In this subsection, we describe the results of our
analysis for each mechanism and elements of our model.

2.4.1. Spatial and Temporal Parameters of Gaze Cues. To identify the spatial and temporal
characteristics, our analysis of the speaker’s gaze behavior tried to answer the following
questions. Where do speakers look in different conversational structures? How much
time do they spend looking at these targets? The answers that our analysis provided
directly informed our design of the basic spatial and temporal parameters of the robot’s
gaze behavior. In the following, we describe the results of the analysis and elements of
the design.

Where Do Speakers Look?. To understand where our speaker looked while speaking,
we conducted a frame-by-frame analysis of his gaze behavior. We coded the target and
time of execution of each gaze shift. The coding was done by qualitatively estimating
the speaker’s approximate gaze targets and marking them on an image representation
of the speaker’s field of view. We clustered the final set of gaze targets both qualitatively
and quantitatively. In the qualitative analysis, we identified three clusters in the first
scenario and five clusters in the second and third scenarios through visual inspection.
We then used a Gaussian Mixture Model (GMM) estimation algorithm [Bouman 1997]
to quantitatively determine the number of clusters and identify the cluster to which
each gaze target belonged. The quantitative analysis confirmed the numbers of clusters
in our qualitative assessment of the first and third scenarios. However, the clustering
algorithm identified eight clusters in the second scenario, four of which included gaze
shifts away from conversational partners and towards the environment. We combined
these four clusters to make up a single cluster, as they all defined areas in the environ-
ment instead of conversationally significant gaze targets such as an addressee’s face.
Figure 3 illustrate gaze targets and the identified clusters.

We conducted an inter-coder reliability analysis to ensure the objectivity of our coder’s
analysis of the speaker’s gaze direction. We asked both the primary and the secondary
coder to categorize a randomly selected sample from the video data (90 clips with
single gaze shifts, 30 for each conversational scenario) into the clusters identified
by our qualitative and quantitative assessment. Cohen’s Kappa (κ) was calculated
to measure the agreement between the two raters, producing substantial agreement
(Cohen′s κ = .78).
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Fig. 3. The gaze clusters that our analysis identified in the two-party conversation (top), two-party con-
versation with bystander (middle), and three-party conversation (bottom). The illustration includes to-
tal amount of gaze directed toward each cluster and fitted Gamma distribution parameters for gaze
durations.

How Much Time Do Speakers Spend Looking at Each Target?. In all scenarios, the
speaker looked at his addressees for the majority of the time; 74%, 76%, and 71% in the
two-party, two-party-with-bystander, and three-party scenarios respectively. However,
in the first two scenarios, the speaker looked at the bodies of his addressees more
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than he looked at their faces (26% and 25% at the faces and 48% and 51% at the
bodies). We speculate that this behavior is a form of intimacy regulation—to reduce
the arousal increased by establishing eye contact with a conversational partner as
suggested by Argyle and Dean [1965]. We also observed that the gaze toward the
body often followed shifts towards the face, providing further support for the intimacy-
regulation explanation. This behavior was less prominent in the third scenario (56%
at the faces of the two addressees and 15% at their bodies), perhaps because shifting
gaze to look towards another interlocutor serves as an alternative way of regulating
intimacy (similar results were obtained by Vertegaal et al. [2001]). Gaze breaking
(i.e., avoiding eye contact) was also a common behavior that we observed in our data.
In all scenarios, the speaker spent a significant amount of time looking away from
addressees (26%, 16%, and 29% of the time in the three conversational situations
respectively).

Our analysis of the duration of gaze toward each target showed that these dura-
tions closely resembled exponential distributions with varying parameters for each
cluster. We obtained estimates for these parameters by fitting two-parameter con-
tinuous Gamma distributions (defined by parameters θ for shape and k for scale) to
the data.2 Figure 3 provides the fitted distribution parameters values for each gaze
cluster.

2.4.2. Topic-Signaling Gaze Mechanism. Research in computational linguistics suggests
that information structure—the relationship between the context of utterances or
clauses and the emerging discourse context—accounts for a large portion of speaker
gaze shifts within the course of a turn [Cassell et al. 1999b]. Based on the “infor-
mation structure” suggested by Halliday [1967], utterances in English consist of two
segments: the “theme” and “rheme.” The theme (also termed “link” or “given”) connects
the utterance to the previous discourse and provides context for the new informa-
tion to be presented. The rheme represents the new information that hearers could
not have predicted from the context of the previous discourse. Cassell et al. [1999b]
found that speakers mostly looked away from their conversational partners at the
beginning of a theme and mostly looked toward their partners at the theme-rheme
junction.

We followed a similar approach to model the relationship between the speaker’s gaze
shifts and the information structure of his speech. We started this process by using
discourse theory in Japanese to identify the most appropriate unit of analysis for our
speaker’s speech. The conversational style of this data can be characterized as a “casual
narrative” [Tannen 2005] in which the speaker holds the floor for longer periods. In
these sequences of narrative segments, each segment performs as a pragmatically
functional speech act and causes a shift in the participants’ points of view [Maynard
1989]. Hinds [1976] calls these segments “paragraphs” of a discourse, where each
paragraph represents a distinct discourse topic and consists of sentences that are more
closely related to each other than to other sentences in the discourse. Maynard [1989]
describes a similar unit of analysis called “thematic fields” bounded by topic shifts
marked by linguistic and interactional expressions. Following Maynard’s description,
we unitized our speech data into thematic fields, producing a total of 181, 146, and 155
units in our three conversational scenarios respectively. Here is the English translation

2A distribution that better fits the gaze data was necessary, as gaze literature only reports mean and
standard deviations for fixation durations and, without information on the data distribution, it is impossible
to synthesize fixations in the robot. For instance, when the distributions shown in Figure 3 are considered,
drawing samples from a normal distribution with a given set of mean and standard deviation values can
generate negative duration values.
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of an example segment of speech split into two thematic fields with the identified topic
shift marker.

Speaker: Our club, uh... basically does many activities, uh... for instance,
we do sports activities often [topic switch] Once a month... once a month is
maybe too much. Every two months, we do an indoor soccer tournament and
sometimes we play softball.

Using a data visualization tool that we developed for this analysis, we mapped each
thematic field onto the speech timeline along with gaze shifts that took place within
the thematic field and 4000-millisecond periods before the beginning and after the end
of the thematic field. This mapping allowed us to identify patterns in gaze shifts that
occurred at the onset of each thematic field and quantify the frequency of occurrence for
each pattern. The analysis identified two main recurring patterns of gaze shifts in the
two-party conversation and the two-party-with-bystander conversation and another
set of two patterns in the three-party conversation. Figure 4 illustrates these patterns
for two- and three-party conversations. Table I shows the frequencies of occurrence for
each pattern.

2.4.3. Turn-Taking Gaze Mechanism. Research in conversational organization and non-
verbal behavior has shown that gaze behavior is also instrumental in managing turns in
conversations and follows a common pattern [Kendon 1967; Duncan 1972; Sacks et al.
1974; Goodwin 1981]. To identify how gaze cues facilitated turn-exchanges, we identi-
fied the “turn-relevant places” in our speech data based on the set of rules suggested
by Sacks et al. [1974] and analyzed speaker’s gaze direction at these moments. In our
analysis, we focused on turns that the speaker initiated with an explicit “turn-yielding”
signal (as described by Duncan [1972]), omitting interruptions and simultaneous turns.
Our analysis showed that all of the turns that did not involve interruptions or simulta-
neous speech (a total of 8, 9, and 20 turns with explicit turn-yielding signals in our three
conversational scenarios respectively) involved the following three turn-management
signals (also proposed by Kendon [1967] and Duncan [1972] for conversations in En-
glish):

Turn-yielding. The speaker looks at his addressee at the end of a turn accompanied
by an evaluative remark or question signaling to him that he is ready to pass the floor
to him.

Turn-taking. The addressee looks at the speaker at the end of the speaker’s turn
signaling to him that he is open to taking the floor.

Floor-holding. As the new speaker takes the turn, he looks away from his partner,
signaling that he is keeping the floor until his turn is complete.

The majority of these turns showed the structure of “question-answer pairs” [Clark
1992], a specific prototypical case of “adjacency pairs” observed in conversations [Sche-
gloff and Sacks 1973]. In these sequences, the speaker (1) produces a turn-yielding
signal at the end of a question, (2) looks continuously at his partner during the re-
sponse, (3) when his partner’s response is complete, he produces a “minimal response”
[McLaughlin and Cody 1982] such as an acknowledgement, mirror response, or laugh-
ter, during which he looks at his partner, and finally (4) produces a floor-holding signal
by looking away from his partner when he starts his discourse. Figure 5 illustrates the
speaker’s turn-yielding, turn-taking, and floor-holding gaze signals during a question-
answer pair that we observed in our data.
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この時期、逆に言うと、その、ヨーロッパとかの方が、気候がいい、暖かい時期なんで、その、逆に言うと、すごいいい、シーズンなんですよ、今。

Fig. 4. Examples of the two most recurring patterns in the two- and three-party conversations.
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Table I.
The frequencies of the topic-signaling patterns identified in the two- and three-party conversations. Data
from two-party and two-party-with-bystander conversations are combined, because the patterns varied
minimally across the two conversational structures with the exception of short, occasional glances toward
the bystander.

Two-party conversationsTopic-Signaling Gaze Pattern Three-party conversation

29% at thematic field beginnings
7% at turn beginnings

Not observed

47% at thematic field beginnings
60% at turn beginnings

22% at thematic field beginnings
0% at turn beginnings

2% at thematic field beginnings
33% at turn beginnings

Look away > Look at > Look down

Look at > Look down > Look at

Look away > Look at > Look away

Pattern continuing from previous thematic field

No recurring pattern

25% at thematic field beginnings
63% at turn beginnings

30% at thematic field beginnings
17% at turn beginnings
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22% at thematic field beginnings
0% at turn beginnings

22% at thematic field beginnings
21% at turn beginnings
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Fig. 5. The turn-exchange signals the speaker produced at one of the question-answer pairs.

2.4.4. Role-Signaling Gaze Mechanism. In our data, we identified three gaze cues that our
speaker produced to signal the participant roles of his interlocutors. These cues are
described below and are categorized based on where in the conversation they occurred.
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Greetings and summonses. An important point where speakers signal the roles of
their conversational partners (and others signal their availability for these roles) is the
opening of a conversation such as greetings where one welcomes and acknowledges an-
other or summonses where one attracts the attention of another to start a conversation.
Goffman [1955] describes greetings as serving “to clarify and fix the roles that partic-
ipants will take during the occasion of the talk and to commit participants to these
roles.” Speakers rely primarily on gaze cues to signal these roles [Bales et al. 1951;
Bales 1970]. Schegloff [1968] depicts an observation where the lack of gaze cues during
a summons leads to ambiguity in who is being addressed in a crowd of bus-riders. In
our observation, the speaker greeted and directed his gaze towards individuals in the
roles of both addressee and bystander. However, in the second conversational scenario,
at the point of transition from greetings to the body of the conversation, the speaker
diverted his gaze towards the addressee and away from the bystander, providing a
significant cue for their participant roles.

The body of the conversation. In our observation, the speaker spent the majority
of his speaking time looking at addressees. In our first conversational scenario, he
looked towards the addressee 74% of the time and the environment 26% of the time.
In the second scenario, the speaker allocated some of his gaze towards the bystander
(8%), mostly in short acknowledging glances averaging nearly half the average length
of the gazes at his addressee. He looked towards the addressee, bystander, and the
environment 76%, 8%, and 16% of the time, respectively. Finally, in the last scenario,
the speaker looked towards his addressees and the environment at 71% and 29% of the
time. The bottom row in Table II provides the length distribution parameters for each
cluster of gaze targets.

Turn-exchanges. Another important point in conversations where participant roles
are renegotiated is the turn-exchanges. For instance, Weisbrod [1965] (as described by
Kendon [1967]) observed in seven-party conversations that the person at whom the
speaker looked at the end of a turn was more likely to take the next speaking turn.
In our observation, addressees received all turn-yielding gaze signals and bystanders
received none, suggesting that the turn-yielding gaze cues are also important sig-
nals for establishing the participation structure of a conversation. In the three-party
conversation, after the greeting, the speaker divided his attention between the two
addressees, switching his gaze from one addressee to the other and waiting for one of
the addressees to take the floor. Once the floor was taken, the conversation roughly
followed the pattern of a sequence of two-party conversations. The speaker addressed
and looked mostly at one of the addressees at a time and switched his focus when the
other addressee interrupted with an attempt to take the floor, when his questions were
directed at both addressees and were answered by the other addressee, or at points of
significant shift in the topic of the conversation.

The findings of the modeling phase of our investigation are summarized in
Table II. These findings directly guided our building of robot gaze mechanisms. In
the next section, we describe the implementation of these gaze cues and mechanisms
on a humanlike robot.

3. PHASE 2: BUILDING GAZE MECHANISMS FOR HUMANLIKE ROBOTS

The next step in our investigation involved building a coherent conversational system
using the design elements that we extracted in the modeling phase of our process
and implementing this system on a robotic platform that embodied the physical char-
acteristics required by our models by converting the variables described in Table II
into an algorithm that controlled the robot. We chose to use ATR’s Robovie R-2 robot
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Table II.
A summary of our models of role-signaling, turn-taking, and topic-signaling gaze mechanisms and the basic
spatial and temporal parameters of gaze.

Two-party conversationConversational Structure
Signaling Gaze Mechanism

Two-party conversation
with bystander Three-party conversation

Participant Structure
Role-Signaling Mechanism

Conversation Structure
Turn-Taking Mechanism

Information Structure
Topic-Signaling Mechanism

Basic Spatial & Temporal
Gaze Parameters

Cluster Name
[Mean (secs); St Dev (secs);

Scale (k); Shape (θ)]

Turn-yielding: Look toward 
the addressee at floor endings

Turn-taking: Look toward the 
addressee during minimal 
responses and look away from 
the addressee at floor 
beginnings

At thematic field beginnings:
Follow patterns “Look away > 
Look at > Look down” or “Look 
down > Look at > Look down”

Addressee’s face
[0.95; 0.91; 1.65; 0.56]

Addressee’s body
[0.99; 1.03; 1.92; 0.84]

Environment
[1.01; 0.98; 0.90; 1.14]

Addressee’s face
[1.40; 1.30; 0.74; 1.55]

Addressee’s body
[1.01; 1.22; 1.72; 1.20]

Bystander’s face
[0.77; 0.58; 2.19; 0.44]

Bystander’s body
[0.71; 0.49; 1.76; 0.57]

Environment
[0.96; 1.04; 1.84; 0.59]

First addressee’s face
[0.98; 1.26; 1.25; 1.26]

First addressee’s body
[0.80; 0.83; 1.61; 0.62]

Second addressee’s face
[0.97; 0.83; 1.71; 0.93]

Second addressee’s body
[0.85; 0.79; 2.23; 0.41]

Environment
[0.82; 0.78; 1.28; 0.70]

Turn-yielding: Look toward 
the addressee at floor endings

Turn-taking: Look toward the 
addressee during minimal 
responses and look away from 
the addressee at floor 
beginnings

At thematic field beginnings: 
Follow patterns “Look away > 
Look at > Look down” or “Look 
down > Look at > Look down”

At random intervals: Short 
glances toward the bystander 

At greeting and leave-taking: 
Acknowledge one of the 
addressees and then the other 
addressee 

At the transition from 
greeting to casual 
conversation: Gaze toward 
either addressee, producing 
turn-yielding signals for both 
addressees, and wait for one of 
the them to take the floor

During the conversation:
Gaze toward one addressee at a 
time and switch speakers at 
“paragraphs”

At greeting and leave-taking: 
Acknowledge the addressee and 
then the bystander

At the transition from 
greeting to casual 
conversation: Gaze toward the 
addressee

During the conversation: Gaze
mostly toward the addressee, 
occasionally glancing toward 
the bystander for short periods

At greeting and leave-taking:
Acknowledge the addressee

At the transition from 
greeting to casual 
conversation: Maintain gaze 
toward the addressee 

During the conversation: Gaze
only toward the addressee

Turn-yielding: Look toward 
one of the addressees at floor 
endings

Turn-yielding & speaker 
change: Look toward one of the 
addressees and then the other
and wait for one of them to 
take the floor

Turn-taking: Look at the 
addressee who just passed the 
floor during minimal 
responses and look away at the 
beginning of the floor

At thematic field beginnings: 
Follow pattern “Look away > 
Look at > Look away” or “Look 
away > Look at > Look down” 
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Fig. 6. Robovie R-1, the robotic platform we used in the implementation and evaluation of the gaze mecha-
nisms studied in this work.
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Three-party conversationTwo-party conversation with bystanderTwo-party conversation

Addressee Overhearer

~N(0°,1°)

~N(0°,4°)

~N(0°,4°)~N(0°,1°)

~N(0°,1°)

Fig. 7. The gaze targets that the robot produced based on our implementation of the temporal and spatial
gaze parameters.

[Ishiguro et al. 2001] for our implementation and evaluation, because its articulate
head and eyes allowed us to implement our gaze models and provided salient gaze
signals for experimental evaluation. Figure 6 shows the robot used in this work.

3.1. Simulating Spatial and Temporal Gaze Parameters

The results from our analysis of the spatial and temporal parameters of the gaze
cues directly informed the design of where the robot should look in the three con-
versational situations that are described above. The gaze clusters were represented as
two-dimensional Normal distributions defined by their centers and spreads and in gaze
rotation angles (in degrees). The environment clusters in the two-party and two-party-
with-bystander conversations were made up of three and five clusters, respectively, to
achieve gaze target distributions similar to those observed in the human data. The
exact target of each gaze shift was randomly generated using the parameters of the
fitted Normal distributions. We used the gaze duration distribution parameters that
we calculated for each cluster to determine how long the robot should spend looking
at each target. Figure 7 shows the gaze targets generated by the robot for the three
conversational situations.

We divided the gaze shifts of the robot into eye and head movements with a 1:1
vertical ratio and a 4:1 horizontal ratio. These ratios were determined based on the
robot’s pan and tilt ranges, motor speeds, and smoothness of motion to optimize for
speed of gaze shifts and naturalness of the behavior. Also, we gave each eye the
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Environment Addressee’s face Addressee’s body

Supein bunka toieba, supein no geijutsu wo wasure tehaikemasen.
Speaking of Spanish culture, Spanish art should not be forgotten.
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Fig. 8. The most frequent topic-signaling gaze pattern (top) and the turn-taking mechanism (bottom) that
the robot simulated based on our implementation.

appropriate horizontal angle for convergence (e.g., 1.5-degrees while looking towards a
conversational partner at a distance of two meters).

3.2. Topic-Signaling Mechanism

We designed the patterns that we identified as signaling information structure into the
robot’s gaze behavior and marked the robot’s speech for thematic fields. For each new
thematic field, the robot produced the appropriate series of gaze shifts based on the
gaze patterns identified for each conversational scenario, probabilities of occurrence for
gaze each pattern, and length distribution parameters for each gaze shift provided in
Table II. The top illustration in Figure 8 shows the robot simulating one of the patterns
identified in two-party conversations.
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3.3. Turn-Taking Mechanism

We also marked the robot’s speech for turn-relevant places. During turn-exchanges, the
robot looked at its addressee at the end of a question, producing a turn-yielding gaze
signal. Towards the end of its partner’s response, it looked at its partner, producing
a turn-taking signal. Finally, when it took the turn, it looked away from its partner,
producing a floor-holding signal. During minimal responses (e.g., an acknowledgement,
mirror response, or laughter), the robot looked at its addressee as our speaker did in
question-answer pairs. The bottom illustration in Figure 8 shows the robot producing
these turn-exchange signals in a three-party conversation.

3.4. Role-Signaling Mechanism

We designed the robot’s gaze behavior to adapt to the three conversational scenarios
that we studied in the modeling phase of our research. In the two-party conversation,
the robot acknowledged its addressee during greeting and leave-taking, spent most of
its time looking at the addressee’s face or body following the patterns that we identified
in our analysis of the two-party conversation, and producing turn-yielding signals for
the addressee. In the two-party conversation with the bystander, in addition to the
behaviors it produced in the previous conversational scenario, it greeted the bystander
at the beginning and at the end of the interaction and reaffirmed the bystander’s role
with short glances directed at him at random intervals during the body of the con-
versation. Finally, in the three-party conversation, the robot greeted both addressees
during greeting and leave-taking and looked at both of them during the conversation
following the patterns that we identified in the three-party conversation, producing
turn-yielding signals for both partners.

In the next section, we describe our experimental evaluation of how the designed
gaze cues might shape participant roles in human-robot conversations.

4. PHASE 3: EXPERIMENTAL EVALUATION OF ROBOT GAZE MECHANISMS

The last phase of this investigation involved an experimental evaluation of the effective-
ness of the designed conversational mechanisms in maintaining fluent human-robot
conversations in different participation structures and the social and cognitive effects
of participating in these conversations on human participants. More specifically, the
evaluation sought to find answers to the following questions: Can a robot use human-
like gaze mechanisms to accurately manage turn-exchanges and to signal appropriate
participant roles to human interlocutors? How do people respond to the robot’s turn-
yielding and role-signaling cues? What social and cognitive effects do different forms
of conversational participation have on people? In this section, we describe our hy-
potheses, participants, the experimental setup, task, and procedure, measurements,
and results.

4.1. Hypotheses

Four hypotheses were developed from existing human communication theory on con-
versational participation, person perception, and group formation.

Hypothesis 1. Subjects will correctly interpret the footing signals that the robot com-
municates to them and conform to these roles in their participation to the conversation.
Therefore, addressees will take more speaking turns and speak longer than bystanders
and overhearers will. The support for this prediction is the suggestion that, in conver-
sations that involve more than two participants, the gaze of the speaker toward another
participant indicates that the speaker is addressing that participant [Bales et al. 1951;
Sacks et al. 1974; Goodwin 1981] and breakdowns might occur when the speaker’s gaze
is not directed toward the intended participant [Schegloff 1968].
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Participant roles:
(c.1) Overhearer
(c.2) Bystander
(c.3) Addressee

Participant role:
(c.1,2,3) Addressee

Robovie

Subject 1 Subject 2

Fig. 9. The spatial setup of the experiment (left) and participants conversing with the robot in an experi-
mental trial (right).

Hypothesis 2. Addressees will have better recall of the details of the information
presented by the robot than bystanders and overhearers will, as the robot will look
toward the addressees significantly more. This prediction is supported by findings
from classroom research, which suggest that increased teacher gaze toward students
improves information recall across different student populations from primary school
to college [Otteson and Otteson 1980; Sherwood 1987]. Our previous research has also
shown that increased gaze of a storytelling robot toward subjects improves their recall
of the information presented in the story [Mutlu et al. 2006].

Hypothesis 3. Addressee or bystanders will evaluate the robot more positively than
overhearers will. The basis for this hypothesis is that gaze cues shape people’s per-
ceptions of individuals; people who maintain eye contact and overall use more gaze
toward conversational partners are evaluated more positively by their partners than
those who avert gaze or overall use less gaze toward their partners are [Kleck and
Nuessle 1968; Cook and Smith 1975; Mason et al. 2005].

Hypothesis 4. Addressees will express stronger feelings of groupness (with the robot
and the other subject) than bystanders and overhearers will. This prediction is sup-
ported by the suggestion that gaze cues serve as a form of evaluation of the speaker’s
relationship with others and avoiding gaze might indicate social exclusion [Wirth et al.
2010].

4.2. Participation

A total of 72 subjects participated in the experiment in 36 trials. All subjects were
native-Japanese-speaking university students recruited from the Osaka area. The
ages of the subjects varied between 18 and 24 with an average of 20.8 years. Sub-
jects represented a variety of university majors including management sciences, social
sciences, humanities, engineering, and natural sciences. The computer use among sub-
jects was very high (M = 6.27, SD = 0.98) on a scale from 1 to 7. Their familiarity with
robots was relatively low (M = 2.97, SD = 1.67), so was their video gaming experience
(M = 2.92, SD = 1.91). Five (out of 72) subjects had toy robots and 23 owned pets.

4.3. Setup, Task, and Procedure

To contextualize our design of robot gaze cues for an experimental task, we chore-
ographed a conversational scenario in which Robovie played the role of a travel
agent. Figure 9 illustrates the spatial configuration of the robot and subjects and
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participants in an experimental trial. The robot provided participants with options
of travel packages (“value” and “premium”) and destinations (Spain and Turkey—two
equally popular travel destinations in Japan) and adapted its information to their
choices. It also assessed participants’ knowledge of the travel destinations that they
chose by asking them factual questions such as “Are you familiar with Picasso?” or
“Did you know that Spain is this year’s World Champion in basketball?” We used
Wizard-of-Oz techniques to evaluate participants’ responses. Following is the English
translation of an example segment of the robot’s conversation with subjects from an
experimental trial.

Robovie: Antalya, which is located on the South coast of Turkey, is famous
for its festivals, long beaches and natural beauty. You can also visit close-by
architectural sites from the Roman and Greek periods. Summer is the best
time to be in Antalya. [Pause] Do you plan to travel with your family or with
your friends?

Subject: With my friends.

Robovie: That’s good. This package is particularly preferred by people like
you. [Pause] There are many summer activities that can be done in groups
in Turkey. In Antalya, you can do outdoor sports such as rafting, canoeing,
and water or hill gliding. In Istanbul, you can take a tour of the Bosporus on
the boat or see a Formula 1 race. Races in the Turkish track are held in the
summer. [Pause] Did you know that Turkey has the newest Formula 1 track
in the World?

Subject: I didn’t know that.

Robovie: Oh, yes. They say that this is one of the most difficult tracks as
well.

The robot followed the common interaction rituals of a conversation. During the
greeting, it introduced itself to its conversational partners, asked them for their names,
and told them that it was happy to meet them. Before leave-taking, it told its partners
that it had to talk to another customer, but it was nice meeting them, and thanked
them for their interest.

Robovie’s speech was identical across conditions except for changes due to the adap-
tive dialog. A prerecorded nongendered voice was used for Robovie’s speech. We did not
use speech recognition during the experiment. Instead, the experimenter initiated the
robot’s turns in the conversation, selecting from among a preset sequence of utterances
from a library. Following a between-participants design, we manipulated the robot’s
gaze behavior in three conditions:

Condition 1. The robot produced gaze cues for an addressee and an overhearer (ignor-
ing the individual in the latter role), following the norms of a two-party conversation.

Condition 2. Gaze cues were produced for an addressee and a bystander, signaling
the participation structure of a two-party conversation with bystander.

Condition 3. The robot produced gaze cues for two addressees, following the partici-
pant roles of a three-party conversation.

In the experiment, subjects were first given a brief description of the purpose and the
procedure of the experiment. After the introduction, they were asked to review and sign
a consent form. Subjects were then provided with more detail on the task and asked to
answer a preexperiment questionnaire. Both subjects were told that researchers were
developing a travel agent robot and would like their help in evaluating their design.
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Subjects were provided with identical instructions and randomly assigned to the condi-
tions in the experiment. They were told that after their interaction with the robot they
would be asked to answer a questionnaire on their experience and to recall the material
presented by the robot. After completing the task, subjects answered a postexperiment
questionnaire that measured their recall of the information, their affective state, their
perceptions of the robot, the group, and the task, and basic demographic information.

The task and the entire experiment procedure in total took an average of 7.5 minutes
and 25 minutes respectively. The experiment was run in a dedicated space with no
outside distraction. A male native-Japanese-speaking experimenter was present in
the room during the experiment. All subjects were paid ¥1,500 for their participation
including their travel expenses.

4.4. Measurement and Analysis

The manipulation in the robot’s gaze behavior was the only independent variable. The
dependent variables involved three kinds of measurements: behavioral, objective, and
subjective.

Behavioral. We captured subjects’ behavior using high-definition cameras at 1080i
resolution and stereo speakers. From the video and audio data, we measured whether
subjects took turns in responding to the robot and how long they spoke.

Objective. We measured subjects’ recall of the information presented by the robot
using a post-experiment questionnaire.

Subjective. We evaluated subjects’ affective state using the PANAS scale [Watson
et al. 1988], perceptions of the robot’s physical, social, and intellectual characteristics
using a scale developed to evaluate humanlike agents [Parise et al. 1996], feelings of
closeness to the robot [Aron et al. 1992], feelings of groupness and ostracism [Williams
et al. 2000], perceptions of the task (how much they enjoyed and attended to the task),
and demographic information.

The subjective evaluation also included a question for manipulation check: we asked
subjects how much they thought the robot looked towards them and towards the other
subject. We also used single-item measures to measure how much subjects thought the
robot ignored them and considered their preferences in providing travel information.
Seven-point rating scales were used in all questionnaire items.

All measures were analyzed using an analysis of covariance (ANCOVA). This method,
similar to analysis of variance (ANOVA), applies a linear regression on the dependent
variables that are significant across conditions to identify the direction of main effects
and interactions while taking covariates into consideration that might account for some
of the variance in data. This method was chosen to account for possible interactions
between the two subjects in each trial. For instance, the number of speaking turns
taken by one of the subjects is affected by the number of turns taken by the other
subject in the same trial given that the robot yielded a fixed number of turns. In this
situation, the analysis of covariance compared the number of turns taken by subjects
with different participant roles while accounting for the number of turns taken by other
subject in the same trial. From the statistical modeling point of view, for each dependent
variable, data from subjects with different participant roles (overhearers, bystanders,
and addressees) were entered into the model as response variables and data from
the other subject (addressees) were entered in the model as covariates. In the third
condition, because both subjects were addressees, data was randomly sampled into
response variables and covariates in equal size. Our analysis also included calculating
item reliabilities for scales and correlations among dependent measures.
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Fig. 10. The number of speaking turns that subjects took and the total time they spent speaking across the
three conditions. The response variables are indicated with vertical stripes, horizontal stripes, and diagonal
stripes for overhearers, bystanders, and addressees respectively. Covariates are indicated with light gray
color and no texture.

4.5. Results

The paragraphs below provide a breakdown of the results from our analysis for behav-
ioral, objective, and subjective measures.

4.5.1. Behavioral Measurements. In analyzing the behavioral data, we first looked at
whether subjects to whom the robot yielded speaking turns took these turns. The
analysis showed that subjects correctly interpreted these signals 98.71% of the time
(307 of 311 turn-yielding signals) and conformed to them by taking speaking turns
97.11% of the time (302 of 311 turns). Of the nine turn-yielding signals to which they
did not conform, six were passed between subjects (some addressees passed their turns
to overhearers because they felt awkward talking to the robot while other subject was
being ignored), three were not taken by the subjects due to ambiguities in robot’s speech
(in three trials, subjects did not perceive one of the questions as a question), and two
were taken by both subjects as surprised responses to information presented by the
robot (e.g., “Oh, I didn’t know that”)—these responses did not seem to be attempts to
take the floor. The nonzero values for the overhearers in both measures are due to the
six turns that addressees passed to them. Bystanders took an average of one turn as
they responded to the robot during greetings.

Next, we conducted an analysis of covariance on the number of speaking turns
that subjects took and the total time they spent speaking across the three conditions.
Pairwise comparisons fully supported our first hypothesis that subjects would correctly
interpret the booting signals that the robot communicated to them and conform to these
roles in their participation to the conversation. Addressees took significantly more
speaking turns than bystanders and overhearers did, F(1, 30) = 17.58, p < .01, and
spoke significantly longer than bystanders and overhearers did, F(1, 30) = 7.41, p =
0.01. They also took significantly more speaking turns than bystanders alone did,
F(1, 30) = 6.75, p = .01. They also spoke significantly longer than bystanders alone
did, F(1, 30) = 5.11, p = .03. No significant differences were found between bystanders
and overhearers. Figure 10 illustrates these comparisons.

4.5.2. Objective Measurements. Our second hypothesis predicted that addressees would
have better recall of the information presented by the robot than bystanders and over-
hearers. This prediction was not supported by our analysis. There were no significant
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Fig. 11. The objective and subjective measurements.

differences across conditions in how well subjects recalled the information presented
by the robot. The number of correct answers out of eight questions on average were 2.75
(SD = 1.66), 3.83 (SD = 1.59), and 3.17 (SD = 1.47) for overhearers, bystanders, and
addressees respectively. The results from the subjective measure of attention might
shed some light on this result, which will be provided in the next section.

4.5.3. Subjective Measurements. In analyzing the data from subjective measures, we
first tested whether the gaze manipulation was successful. We did a manipulation
check by taking the difference between subjects’ ratings of how much the robot looked at
them and their ratings of how much it looked at the other subject. We ran pairwise tests
between pairs of different participant roles across and within conditions. We expected
to see no difference between the ratings of the two addressees in the third condition and
significant differences in all other pairwise comparisons. The results of the analysis
supported our predictions. No differences were observed between the addressees in the
third condition and all other comparisons were statistically significant with a marginal
difference between ratings of bystanders and overhearers. Figure 11 provides results
for all pairwise tests.

Next, we calculated item reliabilities for the two main measures that we used to
test our third and fourth hypotheses. Item reliabilities for the three-item scale that
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measured how much subjects liked the robot (Cronbach′s α = .76) and the six-item
scale for measuring feelings of groupness (Cronbach′s α = .92) were sufficiently high.

While participant role did not affect subjects’ recall of information, it affected their
subjective ratings of how much they attended to the task. Addressees rated themselves
as attending to the conversation significantly more than bystanders and overhearers
did, F(1, 29) = 12.90, p < .01.

The third hypothesis predicted that subjects whose presence the robot acknowledges
(addressees and bystanders) would like the robot more than those whose presence it
does not acknowledge (overhearers). An analysis of covariance on subjects’ liking of the
robot supported our prediction. Addressees and bystanders liked the robot significantly
more than overhearers, F(1, 30) = 7.35, p = .01. Bystanders alone also liked the robot
significantly more than overhearers did, F(1, 30) = 4.05, p = .05, suggesting that the
simple acknowledging gaze led subjects to like the robot more. There were no significant
differences in addressees’ and bystanders’ liking of the robot. Figure 11 illustrates the
results from these comparisons.

Our fourth hypothesis was also supported by our analysis. As predicted, those who
were communicated the role of addressee by the robot and who contributed in the
conversation as active participants rated their feelings of groupness significantly higher
than those who did not contribute to the conversation as bystanders (except during
greetings and leave-taking) and as overhearers, F(1, 30) = 8.95, p < .01. Addressees
also rated their feelings of groupness as higher than bystanders alone, F(1, 30) =
5.36, p = .03, and overhearers alone, F(1, 30) = 8.25, p < .01. These comparisons are
illustrated in Figure 11.

Our analysis of the data from single-item scales (on how much subjects thought the
robot ignored them and considered their preferences in providing travel information)
provides further explanation why overhearers liked the robot less than others did
and why addressees felt more feelings of groupness than others did. Subjects whom
the robot ignored did, in fact, feel significantly more ignored than both bystanders
did, F(1, 30) = 4.41, p = .04, and addressees did, F(1, 30) = 14.14, p < .01, which
perhaps led to their liking the robot less. Similarly, addressees, who contributed to the
conversation more than others did, thought that the robot considered their preferences
significantly more than bystanders did, F(1, 30) = 4.05, p = .05, and overhearers did,
F(1, 30) = 6.98, p = .01. This mutual exchange conceivably led to more cohesion in the
group as reflected in subjects’ feelings of groupness. Figure 11 also highlights these
comparisons.

Finally, Pearson product-moment correlations were calculated to understand how
dependent variables related to each other. These analyses showed statistically signifi-
cant correlations between familiarity with robots and liking, r(34) = .26, p = .03, task
attentiveness r(34) = .25, p = .04, and feelings of groupness, r(34) = .37, p < .01.

4.5.4. Qualitative Observations. We also made a set of qualitative observations of how
subjects interacted with the robot and performed the participant roles that the robot
communicated to them. In our observations, subjects did not speak unless they were
granted a turn to speak, with the exception that, in three trials, addressees showed
in their nonverbal behavior hesitation and discomfort that the robot ignored the other
conversational partner; therefore, they passed some of their speaking turns to over-
hearers. While this behavior is a breakdown in the participant structure established
by the robot, it also illustrates how well people conformed to the signals that the robot
communicated to them. Those to whom the robot did not yield speaking turns still
did not take turns unless passed by the other subject, while those to whom the robot
yielded turns knew that they had the floor, but took the liberty to pass their turns to
the other subject.
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Table III. Summary of Our Hypotheses and Whether They Were Supported by the Results

Hypothesis Results

Supported

Not supported

Supported

Supported

Subjects’ compliance with the robot’s turn-yielding and role-signaling cues
Hypothesis 1: Subjects will correctly interpret the footing signals that the robot 
communicates to them and conform to these roles in their participation to the 
conversation. Therefore, addressees will take more speaking turns and speak longer than 
those bystanders and overhearers will. 

The effect of participation on information recall 
Hypothesis 2: Addressees will have better recall of the details of the information presented 
by the robot than bystanders and overhearers will, as the robot will look toward the 
addressees significantly more. 

The effect of participant role on liking of the robot 
Hypothesis 3: Addressee or bystanders will evaluate the robot more positively than 
overhearers will.

The effect of participant role on feelings of groupness 
Hypothesis 4: Addressees will express stronger feelings of groupness (with the robot and 
the other subject) than bystanders and overhearers will.

In a number of trials, subjects hesitated to take the speaking turn after they received
the first turn-yielding signal from the robot. We believe that this behavior was partly
because they were not sure that the robot could understand them and partly because
they felt uncomfortable talking to a robot in front of the experimenter and the other
participant. We did not observe this behavior after the first turn exchanges.

When responding to the robot, subjects produced gaze signals similar to those ob-
served in human communication. For instance, human communication research has
found that “breaking mutual gaze” (looking away from the speaker) when answering
questions is a common behavior [Libby 1970]. In our human-robot conversation, sub-
jects broke mutual gaze with the robot when replying to 35.37% of all the questions
and 47.12% of the questions that required them to make an evaluation (e.g., choosing
of the travel destination) before answering. This behavior provides some evidence that
the subjects perceived the turn-yielding gaze cues from the robot as valid social stimuli
and responded to these signals by creating the appropriate communicative behavior.

5. DISCUSSION

Drawing on discourse theory and formal observations of human conversations, we
identified three gaze mechanisms that signal three kinds of structural conversation in-
formation: role-signaling (communicates participation structure), turn-taking (signals
conversation structure), and topic-signaling (expresses information structure). We re-
constructed these mechanisms as a conversational system, implemented this system
in a humanlike robot, and contextualized it in a human-robot conversation scenario.
The experimental evaluation of the system supported three of four hypotheses that
we posited based on theory on conversations. Our hypotheses and whether or not they
were supported by our evaluation are summarized in Table III. Using only gaze cues,
the robot manipulated who participated in and attended to a conversation, subjects’
feelings of groupness, and their liking of the robot. Subjects accurately read the robot’s
turn-yielding gaze signals 99% of the time and conformed to these signals by tak-
ing 97% of the speaking turns. People also conformed to the participant roles that
the robot communicated to them. Those whom the robot treated as addressees took
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more speaking turns and spoke longer than those who were treated as bystanders or
as overhearers. Addressees also attended to the task more and felt stronger feelings
of groupness than others. Those whose presences were acknowledged (either as ad-
dressees or as bystanders) liked the robot more than those who were ignored by the
robot as overhearers. Contrary to our prediction, participant role did not affect people’s
recall of the information by the robot.

A number of alternative explanations exist for why our prediction on information
recall was not confirmed. One explanation is that providing subjects with the ability to
choose a travel destination in order to create a more interactive experience might have
compromised random assignment and introduced preferences and/or prior knowledge
as confounding factors. In fact, we found that Condition 1 had an unbalanced num-
ber of travel destinations; 9 for Spain and 3 for Turkey. Furthermore, we found an
effect of the topic of conversation (the travel destination) on recall of information,
F(1, 33) = 10.67, p < .01, providing support for the potential effect of preferences
and/or prior knowledge of the topic on information recall. These factors have likely
increased the variance in our objective data in ways that our analysis cannot isolate. A
second explanation is that limiting the subject population to males might have affected
the outcome. Our previous work found that increased robot gaze improved subjects’
recall of the information that the robot provided, while this effect was only present
for females and males were not affected by the gaze manipulation [Mutlu et al. 2006].
This finding is consistent with the results presented here. Our prediction might hold
for female participants, although the cultural differences between the U.S. American
(the cultural context of the prior study) and Japanese subjects limit our ability to gen-
eralize across these studies. A final explanation is that, while we have confirmed the
reliability of our measures in a pretest, the questionnaire that we developed to capture
the subjects’ recall of information failed to do so.

In this study, we also demonstrated an approach to understanding human-robot in-
teraction that draws on an integrated process of carefully designing robot behaviors
using theory and empirical findings, building these behaviors on a robotic platform, and
experimentally evaluating how the designed behaviors shape people’s interactions with
the robot and the social and cognitive effects of these interactions on them. We argue
that this approach can be applied to designing and evaluating a wide variety of tech-
nologies that embody and reciprocate with human communicative mechanisms such
as augmented and virtual reality, computer-medicated communication and computer-
supported collaborative work applications, and virtual characters. Examples of this
approach exist in research in embodied conversational agents [Cassell et al. 1999a].

The findings of our modeling phase also point at interactions among the three gaze
mechanisms that have not been discussed by human communication research. How
speakers employ the topic-signaling and turn-taking mechanisms depend to a large
extent on the participation structure of a conversation. For instance, a two-party con-
versation in which the participants’ footings are equal, the interlocutors would not
employ role-signaling, while conversations with unequal footings or those with multi-
ple participants playing different roles would require speakers to rely significantly on
role-signaling cues to achieve fluent conversations.

5.1. Limitations

While this work makes a number of theoretical, methodological, and practical contri-
butions to the study of social behavior, our understanding of gaze behavior in con-
versations, and the design of communicative mechanisms for humanlike robots, these
contributions are limited by a number of design decisions and shortcomings of current
technology. Below, we describe such limitations for each of the three phases of this
research.
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Phase 1: Computational Modeling. A key limitation of the modeling phase is the
use of data from a single speaker. While this choice allowed us to conduct an in-depth
analysis of the data, it also imposed a limitation on the generalizability of the results
of our observation to a larger population. This limitation can be addressed by collecting
data from a larger sample and facilitating the data analysis through the use of eye-
trackers for data collection and statistical methods such as contingency analysis to
identify patterns in behavior.

The modeling of the speaker gaze behavior did not take the behaviors of the ad-
dressees into consideration. While this decision significantly reduced the complexity of
the modeling problem, it also imposes an important limitation on the designed behavior
and the results of the evaluation. Similarly, addressee gaze behavior was not considered
in the evaluation of the conversational mechanisms. A major obstacle in modeling joint
gaze behavior among conversational participants and in achieving interactive systems
that take human gaze into account is the lack of robust, nonintrusive real-time track-
ing of gaze direction. These challenges might be alleviated by the development of such
technologies.

A key characteristic of the formal design process that we followed in this work is
to ground design decisions in validated theories of communication and findings from
formal analyses of empirical data. Nevertheless, these decisions are influenced signif-
icantly by qualitative judgements that we made during in the modeling and design
phases. For instance, our choice of unitizing the speech data at points of thematic
transition—creating a rather large unit of analysis—forced us to seek patterns (initi-
ated by the onset of a “thematic field”) in our speaker’s gaze behavior. A smaller unit of
analysis (such as intonation units that represent the prosodic structure of speech) could
have led to closer coupling between information structure and gaze shifts in the de-
signed gaze behavior. Furthermore, our analysis ignored the link between the speaker’s
gaze shifts and many other linguistic properties of his speech, while an analysis at var-
ious levels of linguistic structures would have provided a more complete picture of this
link. This sensitivity to differences in designer’s choices in studying empirical data can
be addressed by verifying the outcome of these design decisions through intermediary
user studies.

While we drew on theory and data to develop models of communicative mechanisms,
other equally valid approaches such as using animation principles (e.g., Van Breemen
[2004]) or theatrical scripts of behavior (e.g., Lu et al. [2010]) exist. We argue that
different approaches might be better suited for different applications or used together
to achieve greater communicative complexity in human-robot conversations.

Phase 2: Design & Implementation. The generalizability of our results also suffers
from a number of design decisions we have made in integrating the gaze mechanisms
into a conversational system. For instance, this work focused on designing conversa-
tional gaze mechanisms and therefore necessarily limited the robot’s behavior to speech
and gaze. However, all aspects of nonverbal cues work together to create rich, human-
like behavior. The elimination of gestures and body movement might have affected how
people perceived the robot’s gaze signals.

Another limitation is brought up by the limited interactivity of the robot, which
forced us to design a conversational scenario where the robot held the floor for most of
the conversation and yielded turns only at predetermined points in the conversation.
The results of this study might have been different with a more fluent conversational
scenario where participants took more turns and held the floor for longer periods. Ro-
bust speech recognition and adaptive speech generation would allow for the exploration
of unscripted, fluent conversational scenarios.
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Phase 3: Evaluation. The findings of the evaluation phase also have a number of lim-
itations. First, because we only recruited male subjects, our results have limited gen-
eralization to conversational situations with female subjects or mixed-gender groups.
Ideally, a gender-balanced, full-factorial-design study is required to understand how
gender affects participation structure in human-robot conversations. Secondly, these
results might not generalize beyond the cultural context of the study. Factors such
as Japanese subjects closer familiarity with robots and the frequent use of inter-
faces that use speech in Japan might have affected our results. In fact, contrary to
the results of this study, previous work that we conducted with a U.S. participant
population [Mutlu et al. 2006] showed that people’s liking of the robot was signifi-
cantly correlated with video gaming experience and not with familiarity with robots,
suggesting fundamental differences in how people perceive and interact with robots
across cultures. Furthermore, differences in conversational conventions—particularly
those brought about by age, social status, organizational rank, and so on—across cul-
tures might affect our results. Our understanding of these cultural differences would
greatly benefit from cross-cultural studies of human communication and human-robot
interaction.

Because we did not tell subjects that they might be communicating with the robot
in different participant roles, subjects might have felt the need to further regulate the
roles that the robot communicated to them by, for instance, passing speaking turns
among themselves. We argue that these subjects expected to be treated as equals by
the robot—subjects’ equal body orientations relative to the robot further supported this
expectation—and that the robot’s ignoring one of the subjects caused some discomfort.
They might have tried to alleviate this discomfort through passing some of their speaker
turns to the ignored subject. While this behavior shows the effectiveness of the robot’s
gaze behavior in signaling who is granted the next turn, it also highlights the ever-
changing nature of participant roles in conversations as also emphasized by Goffman
[1979]. This behavior also shows the importance of context in adapting participant
roles. It was important for our study that subjects were given minimal information on
the nature of the study—we wanted to test how well the robot could communicate to
subjects their participant roles. The dynamic nature of participant roles and the role
of context pose fruitful areas for future research on human-robot conversations.

Finally, gaze cues are sensitive to the cultural context and language of the con-
versation and, therefore, the models and results presented here might have limited
generalizability beyond Japanese conversations. Cross-cultural studies of nonverbal
behavior have classified 30 countries to fall within either “contact” or “noncontact”
cultures and found that participants of conversations in contact cultures maintained
more eye contact with their partners than those in noncontact cultures did [Watson
1970]. Therefore, conversations in noncontact cultures such as those in Japanese are
expected to involve significantly lower levels of gaze among participants and patterns
identified and outcomes observed in these conversations might not generalize those in
contact cultures.

6. CONCLUSIONS

During conversations, speakers employ a number of gaze cues or gaze mechanisms
to signal information on the structure of their speech, seamlessly exchange turns,
and clarify the roles of the other participants of the conversation. The current work
drew on discourse theory and formal observations of human conversations to develop
models of three conversational gaze mechanisms, role-signaling, turn-taking, and topic-
signaling, integrated these models into a conversational system, and implemented this
system into a humanlike robot. The evaluation of the designed system assessed the

ACM Transactions on Interactive Intelligent Systems, Vol. 1, No. 2, Article 12, Pub. date: January 2012.



12:30 B. Mutlu et al.

effectiveness of these models in signaling three participant roles, addressee, bystander,
and overhearer, and the social and cognitive effects of these participant roles on sub-
jects.

In a controlled laboratory experiment conducted with 72 subjects in 36 trials, we
showed that manipulations in models of conversational gaze mechanisms affected sub-
jects’ participation in a conversation with the robot, how much they attended to the
conversation, how much they liked the robot, and how strongly they felt a part of the
group with the robot and their conversational partners. We found that subjects cor-
rectly interpreted 99% of the turn-yielding signals and took 97% of the turns that the
robot yielded to them. Those who took turns as active participants of the conversation
rated their attentiveness to the conversation higher than those who did not take speak-
ing turns did. They also felt more acknowledged, welcomed, and valued by their group
and that they belonged more to the group than those who remained as nonparticipant
bystanders and as overhearers. Bystanders, whose presence the robot acknowledged
with simple non-turn-yielding gaze signals, evaluated the robot more positively than
overhearers, for whom the robot did not produce these signals.

While the results presented here are limited to the participant gender and culture
we studied and conversational context we created, they provide evidence on how robots
might use conversational gaze mechanisms to achieve fluent conversations, success-
fully managing conversational turns and effectively communicating participant roles.
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