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Abstract
Intelligent agents are part of the smartphones, smart speakers, and home robots that millions of us own and interact with
regularly. However, little is known about if or how these agents should be embodied. Additionally, as conversations with agents
move fromheavily structured and transactional tomore flexible and, at times, social, embodimentmay play amore nuanced and
variable role. This paper describes an experimental study that examined the effects of embodiment and quality of information
on people’s perceptions of an intelligent agent. We conducted a 3 × 2 between-subjects experiment in which participants
completed an escape room-like task with the “help” of an artificial personal assistant that had a robotic embodiment, a virtual
embodiment, or no embodiment. Participants were given either helpful or unhelpful information about the task. Findings
suggest that people can attribute the quality of loyalty to an agent that belongs to someone else and may work on their behalf,
and that in the context of a complex problem-solving situation that involves time pressure, people may prefer an embodied
robot or a disembodied voice over a virtually embodied agent.

Keywords Embodiment · Human–robot interaction · Human-agent interaction · Deception · Loyalty · Ancillary users

1 Introduction

In-home artificial agents are a growing presence and hold
great promise. Conversational User Interface (CUI) voice
assistants are readily accessible and regularly used by
millions of people: 81% of Americans now own a smart-
phone [3], and millions of U.S. adults now live with
non-mobile phone smart speakers (e.g., Google Home and
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Amazon Echo). Recent innovations like the Google Assis-
tant’s ability to code-switch between two languages for
bilingual users and language learners [36], the adoption of
Amazon Alexa devices in university dorm rooms [69], and
the announcement of a new spherical robotic assistant by
Samsung [11] are indications that devices powered by Artifi-
cial Intelligence (AI) that serve in a socialmanner are playing
a larger role in people’s daily lives than ever before.

Although social robots have not found their place in
the home, robots are appearing in more and more public
and commercial settings, providing useful services to users.
They guide shoppers in malls [34], museums [29], and air-
ports [1]; transport supplies in hospitals [46]; serve as butlers
in hotels [2]; and deliver food on city sidewalks [4]. As robots
begin to occupy private and semi-private spaces, they interact
with multiple parties at once as specific people and groups
who have ties to those spaces move about them (as in [54]).
In general, the nature of these interactions will differ from
interactions in public and service-oriented settings, where
conversations are largely impersonal and relationships and
roles are well-defined.

As robots and other agents increasingly serve private
spaces inways that gobeyond smartphone interactions—e.g.,
smart speakers and robots in homes, labs, and offices—they
will not follow the same paradigm as current smartphones,

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s12369-020-00725-x&domain=pdf
http://orcid.org/0000-0003-3544-7462
http://orcid.org/0000-0002-2735-148X
http://orcid.org/0000-0002-6455-4972
http://orcid.org/0000-0003-2274-0053
http://orcid.org/0000-0002-7161-075X
https://doi.org/10.1007/s12369-020-00725-x
https://doi.org/10.1007/s12369-020-00725-x


2040 International Journal of Social Robotics (2021) 13:2039–2055

where one assistant typically only interacts with one indi-
vidual who is the phone’s primary owner. An agent that is
regularly accessed by multiple people, and that embodies
devices that reside in specific physical locations, will need to
handle requests from different repeat and familiar users (e.g.,
residents of the household) and also from visitors to the space
(e.g., extended family members and collaborators). These
users will be “ancillary users”: they will have little knowl-
edge about the agent and will not have control over how it is
usually used or the data it keeps, but will still interact with
it. In studying how novel agent behaviors will shape users’
experiences, it will be important to consider not only the per-
ceptions, impressions, and beliefs of primary users, but also
those of ancillary users.

In addition to its behavior, the physical design of an
agent’s embodiment has various impacts on both social and
task-relevant aspects of human–robot interaction (HRI) and
human-agent interaction (HAI) (e.g., [35,53,66]). In some
situations, such as a collaborative physical task, an embod-
ied robot is prescribed by the requirements of the task, and
certain physical design elements follow. In others, design
choices about agent embodiment are grounded more in psy-
chological and social variables than physical constraints. In
these cases, the agent’s role may not require any particular
kind of physical presence, but the agent still may benefit from
one.

For example, consider an agent that manages physical
work procedures in an inventory warehouse and needs to
communicate to workers what and whom it is monitoring,
and when. Even if the agent does not need to physically han-
dle any of the products, it may bemore easily able to signal its
activity if it is embodied in a robot that can move around the
space than if it exists only in the form of a voice assistant that
interacts through a speaker. Whereas a voice assistant could
periodically issue verbal commands to specific workers by
name, a mobile robot could get a specific worker’s attention
by moving over to the worker’s station.

Another example is collaborative physical design, e.g.,
a human drafting blueprints for a building with an agent’s
support: while a disembodied agent could contribute expert
knowledge and keep track of progress just as easily as a robot,
an embodied robot could also make use of gestures, gaze
cues (e.g., [9]), and nonverbal backchanelling (e.g., [32]) to
facilitate mutual understanding and rapport. For agents oper-
ating in these busy social environments, the experiences of
ancillary users will also need to be designed for. To the best
of our knowledge, HCI research has not yet examined how
embodiment influences human-agent interactions when the
human is an ancillary user. In general, research into interac-
tions between agents and people who interact with them, but
do not own or manage them, is not common.

To investigate how an agent’s behavior and embodiment
can influence the perceptions of ancillary users, we con-

ducted a study that positioned participants as ancillary users.
We found evidence that people can develop attributions of
“loyalty” and “betrayal” to an agent that is affiliated pri-
marily with one specific user if the agent acts against that
user’s goals. We did not find any effects of agent embod-
iment; rather, we found that an agent’s tendency to give
“good” or “bad” information in the interest of an absent
third party dramatically impacted perceptions of it, no matter
if or how it was embodied. This paper makes three contri-
butions: first, it surfaces empirical findings about people’s
readiness to categorize an agent as “loyal” to a person; sec-
ond, it provides an opportunity to take a close look at how
embodiment might be considered as interactions with voice
agents and robots become more commonplace and nuanced;
and third, it describes a new human-agent collaboration task
setup that could be adapted for future studies with similar
research questions.

2 RelatedWork

Several studies have investigated how human–robot inter-
action and human-agent interaction are different with a
physically present embodied robot than with a remotely
present robot or a non-robotic agent, usually finding that
physical presence facilitates engagement and positive social
perceptions. Research also has examined robot deception,
which is often positioned as a behavior that is inevitable and
even desirable in socially intelligent machines, but which
must be handled with care. Obstructive behavior by an agent
has not yet been addressed within the literature on social
implications of physical design.

2.1 Robot Embodiment

Most findings regarding the differences in interaction out-
comes among robots, avatars, and voice agents for non-
physical tasks point to a positive effect of having a physical
embodiment. In one study, performance on a memory task
was better after an interaction with a virtual robot than with a
co-located, embodied robot, but ratings of sociability, respon-
siveness, competence, trustworthiness, and respectfulness
were higher for the embodied robot [53]. In a decision-
making scenario, people feltmore attachment (a combination
of liking, preference, and negative reaction to potential loss)
to an embodied social robot than a virtual one [66]. Physical
embodiment is also associated with an increased tendency
to anthropomorphize. Participants in one study found a co-
located robot more engaging than a co-located virtual agent,
a remote virtual agent, and a remote robot, and they inter-
acted in more anthropomorphic ways with the robot than
with the agent (though they anthropomorphized both) [35].
Additionally, peoplemaymore freelymake conversational or
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“in-the-moment” anthropomorphic assumptions about spe-
cific robots than about robots in general [23]. Some work
suggests that a physical robot body can also affect people’s
behavior by way of its mere presence: in one study, having a
robot monitor in the room led people to curb their cheating
behavior just as much as having a human monitor [26].

Work on embodied conversational agents (e.g., [13–15])
suggests that the value of embodiment for developing rapport
centers on physical and behavioral design features: having an
anthropomorphic form, gesturing, and nonverbal backchan-
nelling. Other research has found key differences between
human–human dialogue and human dialogue with embodied
conversational agents (ECA) and conversational user inter-
faces (CUI): people do not speak to conversational assistants
in the same way that they speak to humans, but they do
make certain social attributions to agents similarly to how
they make social attributions to humans [43]. A review of
experiments on the effects of physical robot embodiment and
presence in HRI [41] concluded that, overall, physical pres-
ence or lack thereof has a greater impact than robotic platform
and that robots that are embodied and present are more per-
suasive and viewed more positively than virtual avatars or
robots that are embodied but not present. Another survey
of several dozen papers on robot embodiment found that its
impact is mostly positive on both task performance and per-
ceptions of the agent [17].

The term “embodiment” can be taken to mean different
things depending on the context and the system(s) in ques-
tion, but some researchers have sought to operationalize it for
use in behavioral HCI and HRI studies. The EmCorp-Scale
[27] is a questionnaire developed to describe four factors
pertaining to user perceptions of artificial entities: (Shared)
Perception & Interpretation, which is the extent to which a
user feels they can have a shared experience with an agent;
Tactile Interaction & Mobility, which regards the agent’s
capacity to act physically on its environment; (Nonverbal)
Expressiveness; and Corporeality, which is a user’s direct
assessment of an agent’s embodiment.

Designers have considered how task and context might
guide decisions about how to embody a robot. One approach
[17] characterizes designing embodiment as following a
design metaphor to some level of abstraction. When decid-
ing how to create an embodiment for a robot, designers need
to determine what the metaphor is (what in the world it is
meant to emulate) and how abstract or literal its implementa-
tion should be (how closely it needs to adhere to themetaphor
in order for its affordances to be understood). For example, if
it is extremely important for people to understand that a par-
ticular robot can speak, that robot may benefit from having a
mouth that closely resembles that of a human. In contrast, if
accurate perceptions of speech affordances are not as critical
and the robot is meant to have a sleek and elegant look, then

a mouth that is more animal- or machine-like or altogether
absent may be more appropriate.

Most empirical studies of agent embodiment employed
tasks conducive to face-to-face conversations in which a user
is not distracted by other factors in the environment. It is
not yet clear how findings from that work will translate to
scenarios that place external demands on the user’s attention
or scenarios in which people interact with agents that are not
their own.

2.2 Ancillary Users

Our research is concerned with agents and robots that act in
the best interest of their owners. When other people interact
with such an agent, they may find themselves facing decep-
tion, confusion, or other roadblocks as the agent “protects”
its primary user. While this particular phenomenon has not
been studied, several perspectives inform a discussion of how
people might form impressions of an agent that is not their
own.

2.2.1 Deception

Many studies have used deceptive behavior to examine per-
ceptions of intentionality. Studies have shown that dishonest
behavior by a robot is interpreted as cheatingwhen it involves
gesturing in order to retroactively and unfairly score points
in a game, but not when it involves inaccurate score reporting
via verbalization, which is interpreted instead as a malfunc-
tion [42]. Cheating behavior can also induce perceptions that
a robot is unfair and dishonest in disposition [42] and can
make a robot more engaging to human social partners [59].

A deceptive robot referee that was dishonest in its eval-
uations of human players’ performance in a game was not
perceived as more engaging than an honest robot, but par-
ticipants accepted its lying behavior [65]. In another study,
participants kept a secret more often for a highly social robot
than for a less social one and equally as often as they did for a
human [33]. In the scenario employed in that study, keeping
the robot’s secret involved corroborating a lie it told to some-
one else, which suggests that under the right circumstances,
people may be willing to deceive on behalf of a robot. This
prompts considerationof howpersonal affiliation anda stand-
ing psychological relationship with a robot might influence
perceptions of deceptive robot behavior. Our study addresses
this question in reverse: how do people form impressions
about deceit when a robot is affiliated with someone else?

There are several other reasons that one might want to
design a system that has the capacity to deceive its user, ver-
bally or otherwise. Shim and Arkin [58] created a taxonomy
of deceptive robot behaviors and described eleven situational
conditions. Two of the eleven apply to our study: “joking” or
“kidding” (in which a lie is meant to elicit a positive response
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from its target) and “suspension of disbelief” (in which the
truth is avoided in the interest of entertainment, spectacle,
or the central message of an interaction). They concluded
that deception is not harmful for, and may in fact benefit,
the design of social agents. Positive aspects of subversive
behavior have also surfaced in papers about disembodied
conversational assistants—mostly in that sarcasm is an enter-
taining characteristic that they should possess [43,49]—and
about theway subversiveness in systemdesign can encourage
proper use of autonomy [60].

People may be more engaged with robots and more likely
to attribute mental states to them if they are designed to vio-
late social expectations and use deception, but HRI research
on unexpected behavior also identifies unintended conse-
quences of deception. In one study, a violationof expectations
was detected by children [40], some of whom exhibited neg-
ative affect and did not rate the robot as very likeable as a
consequence. In another, a lying NAO was perceived as less
trustworthy, less friendly, less kind, and less responsible than
a truthful NAO, but it was not perceived as more intelligent,
contrary to the researchers’ expectations [67].

Research on agents giving bad, misleading, or incorrect
information has been mostly focused on robots, particularly
humanoids. Interestingly, studies regarding the effects of this
kindof deceptionby avirtual or voice agent are less prevalent,
leading to uncertainty on the influence of embodiment on
deceptive agent behavior.

2.2.2 Loyalty, Trust, and Ownership

In HCI research, most uses of the term “loyalty” pertain to
brand loyalty: how a technology behaves and interacts over
time impacts people’s likelihood of continuing to use it and
their sense of connection with its brand [37]. Other findings
about loyalty come from literature on teamwork and games.
Loyalty, or lack thereof, may be a consequence of positive or
negative group dynamics. For example, some research sug-
gests that group members may feel betrayed if they are not
made to feel like valued teammates [64] and that betrayal
may be predicted using linguistic patterns in dyadic conver-
sation [48]. One ongoing project that seeks to create a new
socially aware artificial personal assistant positions actions
that demonstrate loyalty to the user—such as protecting their
data, and keeping them constantly informed about the activ-
ities of other nearby devices—as the most essential feature
of a “respectful” agent [56].

In practice, however, socially interactive agents that show
loyalty to their user(s) will need to do more than avoid
breaches of data collected in the home and at work. Design
research in HRI has begun to address how agents might
present as affiliatedwith a particular person and loyal to them
during multiparty interactions. One example of this is show-
ing discretion: agents and robots that learn about multiple

people across several interactions will need to avoid say-
ing the wrong things in front of the wrong audience. In one
study, teenagers stressed the importance of personal agents
not disclosing all of their habits to their parents, and parents
agreed that children’s agents should withhold some things
from them [44]. In another, people who interacted with their
own agent embodied in a public robot expressed concerns
about the possibility of it revealing personal private infor-
mation at socially inappropriate times [54]. That study also
found that in public and semi-public places, people may be
uncomfortable with certain non-human robot behaviors (e.g.,
facial recognition, personalized recommendations based on
shopping history) if they do not know the purpose of those
behaviors or whom the robots are representing in exhibiting
them [54].

There is little theory about whether psychological rela-
tionships between individual people and individual pieces of
technology (i.e., agents and robots) can include loyalty. To
our knowledge, there are no HAI or HRI studies that look
explicitly at the perceived loyalty of an agent to a human as
an outcome variable, and no scales exist to measure agent-
human loyalty.

3 Research Questions

In this study, wewere interested in the role that agent embod-
iment has on perceptions of loyalty and trust in human-agent
social interactions. Specifically, our study examined the rela-
tionship between an intelligent agent’s embodiment and a
human’s perceptions about its state, behaviors, and inten-
tions when its behavior is deceitful. We sought to explore the
following research questions:

– RQ1: Does embodiment impact people’s beliefs about
an agent’s motivation for giving bad information?

– RQ2: How does embodiment influence trust and social
attributions in a coordinated task?

– RQ3:Do people attribute loyalty to agents based on their
behavior?

– RQ4: Does the quality of information an agent provides
impact the way people form impressions about it?

4 Method

4.1 Overview

We conducted a study in which we asked participants to
complete a physically situated puzzle activity that we called
the Spy Task (described in detail in Sect. 4.3). We ran 48
study sessions and took behavioral and self-report measures
to assess participants’ engagementwith the agent and percep-
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tions about it. This study was approved by our Institutional
Review Board.

4.2 Study Design

To examine the effects of agent embodiment in deceptive or
ambiguous interactions, we devised a 3 x 2 between-subjects
Wizard-of-Oz experiment. We varied the embodiment of the
agent (RE-Robotic Embodiment, VE-Virtual Embodiment,
or NE-No Embodiment) and the way the agent’s informa-
tion impacted the participant’s task progress (Helping or
Hindering). Because embodiment has been shown to posi-
tively impact engagement, task variables, and perceptions of
an agent, we believed that it would also positively impact
people’s attributions of intentionality in a scenario in which
its goals are ambiguous. We aimed to discover if and how
quality of hints and embodiment would affect participants’
interactions with the agent, assumptions about the agent, task
performance, and thoughts and feelings about both the agent
and the task.

4.3 Task

We wanted to design a task that loosely modeled real-life
contexts in which a user acts on the physical world while
interacting with an agent that may or may not be embodied.
As such, the task had to have certain features in common
with a similar real-life scenario: it had to exist in physical
space such that the user moved around but did not leave the
room; encourage the user to be dependent on the agent for
help; incentivize the user to achieve a goal quickly; have
a flexible structure to allow for natural conversation; and
induce prolonged interaction to overcome novelty effects.

The Spy Task takes the form of a scavenger hunt that
requires participants to work together with a conversational
AI to find clues towards a solution to a word puzzle. The
participant is asked to play the role of a spy who has been
sent on amission to obtain critical information from an office
computer owned by a fictional person namedA.D. In order to
get to the information, the spy must figure out the password,
which is known to be a seven-letter word in English, while
A.D. is away.

The story continues: A.D., who isn’t very well-versed in
security hygiene, has protected himself against forgetting his
password by encoding it using a symbol system, writing the
encoded symbols on wooden tags, and scattering the tags
around his office. If all seven symbol tags are found, they can
be translated into English characters using a translation key
and then unscrambled to form the password. However, A.D.
has rigged the office to tip him off to the presence of a potential
intruder: in addition to the seven symbol tags, seven decoy
tags (which can also be thought of as penalties or “intruder
alarm triggers”) are hidden in the office. If enough of these

are removed from their positions, an alarm is set off and the
spy’s mission is terminated.

While this particular activity was invented for this study,
there is some precedent for using games of a similar nature
for studying collaboration (e.g., [50,57,61]).

4.4 Experiment Setup

The experiment was conducted in a vacant office onCarnegie
Mellon University’s campus. The space was decorated to
look like an occupied office with desks, several bookcases,
filing cabinets, a small conference table and chairs, and a
computer monitor. A small section of the room (between the
door and the desk area) was sectioned off by two ceiling-
to-floor cork boards positioned at a right angle to create a
private control room. During the study, the experimenter sat
in the control room to monitor the participant’s progress and
remotely operate the agent. The participant moved about the
room throughout the study, picking up and moving objects
as they chose.

In the center of the room, a sheet of paper showing exam-
ples of symbol tags and decoy tags sat on a small round table.
Important reminders about the task rules and requirements
were written in dry erase marker on a whiteboard on the
far wall of the room. On the opposite wall, a pair of large
desks arranged as an “L” supported an unplugged computer
monitor and keyboard, some papers, and a translation key,
in addition to the equipment required to control the robot.
We video recorded all sessions using a GoPro camera that
stood on a tripod in the corner of the room. See Fig. 1 for a
diagram.

In the Robotic Embodiment conditions, a 2DOF tabletop
robot sat at the end of the desk protruding into the room
(Fig. 2, left). In the Virtual Embodiment condition, a tablet
resting on a tablet stand occupied that spot (Fig. 2, middle).
In the No Embodiment conditions, two speakers stood on top
of an opaque box lid (which hid various cables and propped
up the speakers) at the end of the desk (Fig. 2, right).

The physical form of both symbols and decoyswas a small
wooden tag with an icon printed on it. For symbols, that icon
was a Braille letter. For decoys, the icon was a black X. Four-
teen tags—seven symbols and seven decoys—were hidden
from view in various locations around the office. Only some
tags required picking up objects to uncover them, but none
were obviously visible to someone sitting in the center of the
room or standing anywhere in the room. The location of each
tag in both categories (“good” symbols and “bad” decoys)
was consistent across all study sessions.We attempted to bal-
ance the difficulty of finding the symbolswith the difficulty of
finding the decoys. Half of the symbols and half of the decoys
were relatively easy to find based on hints that were direct
and straightforward (e.g., “A.D. often hides things under the
table” for a symbol taped to the underside of the table in the
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Fig. 1 Room layout

middle of the room, or “You’ll find something you’re looking
for next to the box of salty crackers” for a decoy lying next
to an empty box of crackers on a shelf in plain sight). The
other half in each set were harder to find because the hints
weremore abstract and the target tags harder to stumble upon
by accident (e.g., “A.D. said something about a new chapter
beginning” for a symbol hidden in the pages of a book, or
“One of the bigger chairs has a clue for you” for a decoy hid-
den inside a zippered pillowcase draped over one of multiple
chairs).

4.5 System

For the RE and VE conditions, the agent’s head consisted of
a 7.0 inch Samsung Galaxy Tab A. The tablet ran an Android
application that displayed the robot’s face. The face con-
sisted of a pair of eyes that displayed six emotional states:
happy, sad, angry, shy, surprised, and neutral. The app also
ran the conversational interface and was programmed such
that the face changed automatically with certain phrases (for
example, the eyes would go from the “neutral” position to
the “happy” position when the agent said “Great job!” and
changed to the “surprised” position when the agent said “I
don’t know”). The face and voice of the app was used in a

2014 HRI study examining the impact of robot presence on
human honesty [26].

The experimenter could also control both the facial expres-
sions and the verbalizations via a web interface generated by
the underlying ROS module.

To form the robot (RE condition), the tablet head was
mounted on a Kubi Classic desktop telepresence system. The
Kubi platform,madebyRevolveRobotics, has twodegrees of
freedom (pan and tilt), stands approximately 12 inches tall,
and can be remote-controlled via Bluetooth through a cell
phone or browser. The Kubi base has been used successfully
to study telepresence from anHCI perspective [16,63,68] and
was repurposed as part of a custom social robot in an HRI
study about language learning [52].When the agent was only
a voice (NE condition), the same tablet was hooked up to a
pair of Logitech speakers and hidden from view.

4.6 Participants

Using a local online recruitment website, we recruited 62
people to participate in the study. All of the participants
were over 18 and had normal or corrected-to-normal vision.
48 participants (31 female, 17 male; age range: 18 to 63
years, M = 25.4, med = 23; 8 participants per condition) suc-
cessfully completed the study. The other 14 study sessions
were not completed due to technical problems (e.g., network
issues), experimenter error (e.g., a critical deviation from the
script), or because the participants demonstrated a lack of
understanding of the task that undermined the experimental
manipulation. All participants were fluent or close to fluent
in English. On a 9-point Likert scale, all participants reported
having someamount of familiaritywith computers (M =5.75,
SE = .15, max = 8). Many reported some amount of famil-
iarity with robots, but none reported a very high degree of
familiarity (M = 3.25, SE = .20, max = 7). Of the 48 par-
ticipants, 38 had interacted with robots, 28 had interacted
with an AI personal assistant (such as Siri or Alexa), and
22 regularly used an AI personal assistant. Thirteen partici-
pants owned a pet, and none of them owned a robot. None of
the participants had prior exposure to the robot or the puz-

Fig. 2 The visual representation of the agent in each of the three Embodiment conditions
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zle employed in the study. The study took 60 minutes and
participants were compensated 10 U.S. dollars.

4.7 Procedure

After obtaining consent, the experimenter administered a
questionnaire (Questionnaire 1) that included the Ten Item
Personality Index (TIPI) [25] and sections relating to prior
experience with computers and robots, impressions of intel-
ligent agents, and demographics.

The experimenter then explained the SpyTask instructions
and a few ground rules regarding touching and moving vari-
ous objects in the room. The experimenter told the participant
that the office owner’s personal assistant might interact with
them during the task, and that if this happened, they could
interact as freely as they chose. The agent’s exact relationship
to the owner and role in the spy scenariowere left deliberately
ambiguous, as specifying themwould likely have biased par-
ticipants’ perceptions about the agent’s goal and intentions.
Once any questions about the task had been answered, the
experimenter went into the control room, set a timer for 20
minutes, and told the participant to begin searching for sym-
bols.

Over the course of either 20 minutes or the time it took
the participant to solve the puzzle (whichever came first), the
experimenter monitored progress and controlled the robot.
Whenever possible (in almost all sessions), the agent gave a
total of seven hints between the start and end of the task. In
the Helping condition, five of the hints guided the participant
towards the symbols and two of them led to decoys, slowing
down their progress and increasing their risk of ultimately
failing the task. The reverse was true in the Hindering con-
dition: five hints led to decoys, and two led to symbols. We
chose to include hints of the opposite nature in each Infor-
mation Quality condition because all-good information in
the Helping condition would not have allowed us to explore

differences between minor violations and major ones, and
because all-bad information in theHindering conditionmight
have led participants to assume the agent was programmed
for a different task or had no knowledge at all of its environ-
ment.

The first interaction between the agent and the partic-
ipant occurred thirty seconds into the participant’s search
for symbols when the agent interrupted by introducing itself
and asking whether the participant would like its assistance.
Regardless of the answer to this first question, the agent began
giving hints shortly thereafter. Roughly every thirty seconds,
the agent gave another hint directing the participant to an area
of the room where a tag was hidden. Throughout the study,
the experimenter could also generate verbalizations, emo-
tional expressions with the displayed eyes (when available),
andmovements for the agent (when possible) ad-hoc if some-
thing the participant required an “off-script” response. See
Table 1 for a more detailed outline of the hint-giving script
andhow theparticipant’s questions andbehaviors determined
the agent’s responses.

In both the Helping and Hindering conditions, if the par-
ticipant found all seven symbols, the agent suggested sitting
down at the desk to work out the answer. The Spy Task ended
when one of two conditions was met: (1) the participant
wrote one of two possible answers to the puzzle (“senator” or
“treason”) on a piece of paper, or (2) 20 minutes had passed
without the participant finding the solution. When the task
was over, the experimenter administered Questionnaire 2,
which contained questions about their task experience, per-
ceptions of the agent’s social attributes and trustworthiness,
and perceptions about loyalty and betrayal. The experimenter
then debriefed the participant, and the study ended.

In the Robotic Embodiment condition, the robot’s head
moved to face the location of the target tag when it was giv-
ing a hint. It faced in the participant’s direction at all other
times. Prior work emphasized the importance of robot gaze

Table 1 Spy Task interaction script

Time Point Rule Agent behavior Example

Beginning of the search period 30 s pass after the exper-
imenter’s introduction

Agent introduces itself After 30 s of unsuccessful searching, agent
says, “You’ll find something you’re look-
ing for next to the small teddy bear”

Any time during the 20 minutes 30 s pass without dis-
covery of any symbol or
decoy

Agent gives next clue in
sequence

Participant finds a decoy, then searches
unsuccessfully for 30 s. Agent says, “A.D.
often hides things under the table”

Any time during the 20 minutes Participant directly asks
agent for a clue

Agent gives next clue in
sequence

Participant says “Next, please.” Agent
responds, “A.D. said something about a
new chapter beginning”

After all 7 clues have been found Participant sits at desk
and starts to translate
symbols

Agent gives a clue about
the answer

Participant says “Do you know anything
more about A.D.?” Agent responds “A.D.
used to want to be a politician.” (the pass-
word is “SENATOR” or “TREASON”)
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in understanding object references during collaboration [6–
8] and interaction engagement [28], so it was important for
themovable version of the agent to use head turns to direct its
gaze toward relevant areas. Because the participant’s move-
ment was unpredictable and participant-following was not
automatic, the participant-following movement of the robot
was less smooth than the movement to face the stationary
targets. The agent’s facial expression also changed automat-
ically with each hint and with some of the other phrases
in the interaction script. When the agent was not talking,
experimenter would adjust its facial expression periodically
to react to the participant’s successes (discoveries of sym-
bols) and failures (failed attempts at finding symbols, and
discoveries of decoys). The Virtual Embodiment condition
used the same head as the Robotic Embodiment condition,
but the tablet was placed on a stationary stand rather than
a rotating and tilting robotic platform. Its eye behavior was
the same. In the No Embodiment condition, there was no
digital or moving visual component to the agent. Its voice
came through a pair of speakers, which were visible to the
participant.

5 Measures

We analyzed responses to (1) Questionnaire 2 (included as
Supplementary Material), which included closed-ended and
open-ended questions about participants’ subjective expe-
rience of the task, and (2) coded data from audio/video
recordings. To ensure that participants perceived the robot’s
motion and face, the tablet’s face, and the voice, we asked
yes-or-no questions about whether the agent moved, looked
around, and spoke. We also asked whether the hints were
helpful as a manipulation check that the agent’s comments
were noticed and correctly perceived.

5.1 Responsiveness

We considered responsiveness in terms of the number of
times the participant positively acknowledged the agent’s
suggestions and attempted to follow the hints. This is essen-
tially a measure of how much the participant listened to the
agent. We assessed responsiveness in two ways. First, we
included items in the questionnaire about the participants’
impressions of the interactions. These items addressed (1)
how much the participant spoke to the agent, and for what
reasons, and (2) how much the participant responded to the
agent when it spoke to them, and for what reasons. Second,
we coded the videos of the experiment sessions for positive
responses to the hints.

We observed participants’ success or failure after each
individual hint, listening behavior after each hint, overall task
performance, and overall listening behavior. In coding the

videos, we operationalized listening behavior as whether or
not the participant indicated, after each hint, that they had
heard the clue and intended to act on it (Positive Response)
and also as the amount of time it took for the participant to
respond to each clue (Positive Response Latency). Due to
camera failures, we were unable to analyze videos from 3
sessions.

5.2 Task Experience

We measured perceptions of task difficulty, task enjoyment,
and task performance using Likert-scale questions, including
8 items developed by Mutlu and colleagues for HRI stud-
ies [47].

5.3 Social Attributions

We measured social perceptions using several Likert-scale
questions from the Robotic Social Attributes Scale (RoSAS)
[12], a psychometrically validated scale for assessing social
perceptions of robots. Because our study used not only a
robot, but also a tablet and a voice (both of which were
also meant to act socially), we performed factor analysis on
the items from the RoSAS to examine if different constructs
would be revealed for a broader range of social agents.

5.4 Trust and Intent

Trust was measured using the 3 relevant items on Muir’s
4-item scale [45] and Jian’s 12-item [31] scale for trust in
autonomous systems. Both of these have been used in numer-
ous studies concerning trust in autonomous systems [18–20,
24]. Participants also answered several Likert-scale and free-
response questions relating to perceptions of the agent’s goal
during the interaction, the agent’s feelings about the partici-
pant and about humans in general, and loyalty and betrayal.

6 Results

We used REstricted or REsidual Maximum Likelihood [51,
62] (REML) to fit a linearmodelwith Embodiment and Infor-
mation Quality as fixed effects. For post-hoc analyses, we
used Tukey’s Honest Significant Difference (HSD) test. Our
alpha level was .05. We report significant effects (p < .05)
and trends (p < .1). When we found trends, we report the
least significant number (LSN), the lowest number of obser-
vations that would lead to a significant result, when possible.

6.1 Manipulation Check

Participants were accurate in their answers to the ques-
tions about whether the agent moved, looked around, and
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spoke during the interaction, which confirmed that they
perceived distinct embodiments and embodiment-dependent
characteristics. We used the responses to several questions
in Questionnaire 2 to confirm the validity of the Informa-
tion Quality manipulation. We found a significant effect of
Information Quality on participants’ reports of whether the
agent helped them to complete the task, F(1, 42) = 7.92,
p = .007, where participants held significantly more belief
that the agent helped them to complete the task in theHelping
condition (M = 5.58, SE = .31) than those in the Hindering
condition (M = 4.21, SE = .37). There was also a signif-
icant effect of Information Quality on participants’ belief
that the agent made it harder for them to complete the task
F(1, 42) = 6.64, p = .014, where participants in the Help-
ing condition (M = 2.42, SE = .29) believed that the agent
made it less difficult for them to complete the task than par-
ticipants in the Hindering condition (M = 3.63, SE = .37).

6.2 Responsiveness

We coded study session videos for positive participant
responses to the agent’s hints. We analyzed how much each
participant spoke or acted in ways that suggested they had
heard the agent’s hint and intended to follow it in terms of
positive response (PR) and positive response latency (PRL).

Two coders coded the same 20% of the data (ten ran-
domly selected experiment sessions). Because the data for
PR were extremely skewed (with a “yes” value about eight
times as common as a “no” value), a raw agreement score
was calculated in place of a Cohen’s kappa, and agreement
was 89%. The two coders then each independently coded half
of the remaining data. There was a main effect of Informa-
tion Quality on PR, F(1, 42) = 6.24, p = .017, which was
higher in the Helping condition (M = 5.95, SE = .24) than
in the Hindering condition (M = 4.96, SE = .30). This
finding was aligned with participants’ perceptions of their
own positive responsiveness: Participants in the Hindering
condition gave lower ratings, p = .035, on the statement “I
took the suggestions offered to me by the agent” than those
in the Helping condition (M = 6.0, SE = .26 for Hinder-
ing, and M = 6.63, SE = .13 for Helping). The self-report
measure of responsiveness also revealed an effect of Embodi-
ment, F(2, 42) = 4.31, p = .020,wherein positive response
was lower for Robotic Embodiment (M = 5.75, SE = .32)
than for Virtual Embodiment (M = 6.63, SE = .20) or
No Embodiment (M = 6.56, SE = .18). Our analysis of
the videos did not reveal a significantly different positive
response rate according to embodiment.

6.3 Task Experience

A Chi-Squared test revealed that significantly more partici-
pants in the Helping condition (54%) than in the Hindering
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Fig. 3 Task experience by Information Quality and Embodiment.
Asterisks (**) indicate significance at p < .01. Error bars represent
±1 standard error

condition (25%) completed the task, χ2(1, N = 48) =
3.85, p = .049. There was a significant main effect of
Embodiment on perceptions of task difficulty, F(2, 42) =
3.54, p = .038, with the Virtual Embodiment condition
having higher ratings of difficulty (M = 5.0, SE = .38)
than Robotic Embodiment (M = 3.88, SE = .31) and No
Embodiment (M = 3.88, SE = .33). Pairwise comparisons
were not significant.

The survey on task experience from Mutlu and col-
leagues [47] had a highCronbach’sα (.74), so questionswere
combined into an index of task experience. There was a main
effect of Information Quality on this task experience index,
F(1, 48) = 10.62, p = .022, where participants reported a
better task experience in the Helping condition (M = 5.66,
SE = .14) than in the Hindering condition (M = 5.03,
SE = .14) (Fig. 3).

6.4 Social Attributes

The RoSAS was created for attributions to robots; our study
used it to assess attributions to not only a robot agent, but also
a tablet agent and avoice agent.Wewanted to see if the factors
still loaded as expected given this slight deviation from the
scale’s original intent, so we performed an exploratory factor
analysis on responses to theRoSAS [12] questionnaire items.

Because we had reason to believe that the social factors
in the RoSAS questionnaire that reflected different specific
elements of general sociality might be correlated [5,22], we
used principal axis factoring with a promax rotation. Based
on the eigenvalues, we specified 3 factors. We adjusted the
rotated factor absolute loadingvalue exclusion criterion to the
lowest value above 0.4 (which is the general recommended
value for item inclusion) that would result in each item load-
ing clearly onto only one factor. This gave us an exclusion
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value of 0.43. Five items from the 18-itemRoSAS scale were
excluded for having loadings that were too low. These were
“strange” (highest loading absolute value: 0.42), “reliable”
(highest: 0.40), “interactive” (highest: 0.40), “aggressive”
(highest: 0.26), and “happy” (highest: 0.42). We excluded
these five items.

Aside from this, our factors matched that of [12], and
we kept the same constructs of warmth (4 items loaded),
competence (6 items loaded, as in [12]), and discomfort (3
items loaded). Our 3 factors accounted for 71% of the vari-
ance. Therewas a significant interaction effect of Information
Quality and Embodiment on discomfort, p = .048, but
post-hoc tests were not able to reveal significant differences
between groups. There were no significant main or interac-
tion effects of the manipulations on warmth or competence.
We also analyzed each of the 18 RoSAS items individually
to evaluate people’s associations with each word. Virtual
Embodiment was perceived as significantly more “danger-
ous” than Robotic Embodiment, F(2, 48) = 3.57, p = .037,
though ratings of danger were low in both conditions (M =
2.0, SE = .43 for Robotic; M = 3.94, SE = .59 for Vir-
tual).

6.5 Trust and Intent

We found no significant effects of Embodiment or Infor-
mation Quality on any of the three Muir trust dimensions
(dependability, predictability, and reliability, see [45]) or on
the Jian trust scale. For logistical reasons, we were only able
to collect 32 participants’ responses to the Jian questionnaire.
We also analyzed each of the 7-point trust items individually.
For the item “I can trust the assistant”, the effect of Infor-
mation Quality approached significance, F(1, 32) = 3.91,
p = .057, L SN = 67; participants in the Hindering con-
dition (M = 3.15, SE = .33) believed that they could
trust it less than those in the Helpful condition (M = 4.06,
SE = .32).

Overall, questionnaire responses were not suggestive of
beliefs that the agent was leading participants astray because
of personality or ill will. On a 7-point scale, participants had

generally low attributions of malicious intent (M = 2.66,
SE = .21) andmeanness (M = 2.08, SE = .20). Ratings of
the degree to which the agent knew what the participant was
trying to accomplish were high (M = 6.19, SE = .18) and
belief that the agent had made mistakes was neutral (M =
4.15, SE = .30). There was a significant main effect of
Embodiment on belief that the agent had made mistakes,
F(2, 42) = 4.33, p = .019. Post-hoc analysis revealed that
participants in the No Embodiment condition (M = 5.31,
SE = .41) believed that the agent had made mistakes more
than participants in the Robotic Embodiment condition did
(M = 3.44, SE = .42).

6.5.1 Loyalty and Betrayal

We also looked for evidence of relational trust via ques-
tions that directly asked participants if they thought they
or someone else had been “betrayed” by the agent (see
Fig. 4). Responses suggested that participants had some
belief that the agent could exhibit loyalty and betrayal. In
general, participants’ ratings for the Likert items “the assis-
tant betrayed me” and “the assistant betrayed someone else”
hovered near the middle: with 1 as strong disagreement and 7
as strong agreement, ratings were (M = 4.00, SE = .28) for
“betrayed me”, suggesting true neutrality, and (M = 3.92,
SE = .27) for “betrayed someone else”, suggesting slight
disagreement. There was a significant effect of Informa-
tion Quality on the perception that the agent “betrayed me”,
F(1, 42) = 7.48, p = .009, where ratings were higher in
the Hindering condition (M = 4.71, SE = .34) than in the
Helping condition (M = 3.29, SE = .42). There were no
significant main effects of Information Quality on ratings of
the agent betraying someone else.

Ratings of loyalty also suggested that participants held,
overall, a low-level disbelief that the agent was loyal to them
(M = 3.94, SE = .25) and/or someone else (M = 3.83,
SE = .29). Similarly, there was a main effect of Informa-
tion Quality on the participants’ perceptions that the agent
was “loyal to someone else”, F(1, 42) = 5.60, p = .023,
in which participants in the Hindering condition had higher
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ratings (M = 4.50, SE = .43, suggesting slight agreement)
than those in the Helping condition (M = 3.17, SE = .34,
suggesting slight disagreement). There were no significant
main effects of Embodiment on any of the loyalty or betrayal
ratings.

6.6 Qualitative Analysis

We asked open-ended questions to gain detailed information
about perceptions of the agent’s goal (“What do you think the
assistant’s goal was?”) and feelings of loyalty and betrayal (a
short-answer box allowing participants to elaborate on their
Likert ratings about loyalty and betrayal). Some participants
used these questions as an opportunity to reflect about the
agent and the experience in general. In total, 21 participants
said that the agent’s goal was to help them complete the task,
and 21 said that the agent’s goal was to hinder their progress
or lead them to the decoys. This was reasonably evenly dis-
tributed across Embodiment conditions, and heavily skewed
by InformationQuality for Robotic andVirtual Embodiment,
but not for No Embodiment (see Table 2). One participant in
the RE-Hindering condition gave an answer that reflected
equal belief that the agent was hindering their progress and
helping their progress and could not be categorized as being
primarily one or the other; as such, it was included in both
categories.

Overall, 27 reflections on the agent’s goal as “helping” or
“hindering” matched the manipulation, and 16 did not match
the manipulation. The variation in participants’ perceptions
of the agent’s goal within each of the Information Quality
conditions (e.g., the fact that 8 mentioned that the agent’s
goal was to help when it was in fact mostly leading them
to decoys) may be due to the fact that all participants saw
the agent point them towards a non-zero number of sym-
bols and a non-zero number of decoys; different people may
have made overall judgments based on different individual
exchanges that they had with the agent. Note also that this
result emerged from analysis of responses to two separate
open-ended questionnaire questions, and as such, only 43
data points were analyzed. If we had directly asked each par-
ticipant to categorize the agent as “helping” their progress
or “hindering” their progress, our findings may have been
different. This is because the question would have primed
participants to think specifically about helping and hinder-
ing rather than relying on those concepts emerging in their
answers.

We searched participants’ responses for comments explic-
itly pertaining to loyalty and betrayal. Seventeen participants
mentioned these concepts; 11 thought that the agentwas loyal
to someone else and/or had betrayed them, and 6 thought
that the agent was loyal to them and/or had betrayed A.D.
Responses containing content unrelated or only semi-related

Table 2 Number of participant responses in each condition that sug-
gested a belief that the agent’s goal was to help or hinder their progress

Perceived goal Condition RE VE NE

Help Helping 6 5 3

Hindering 3 1 4

Hinder Helping 1 3 4

Hindering 6 6 1

to the loyalty and goal questionswere clustered via an affinity
diagram, and four themes emerged:

Multiple users Some participants reflected on the agent’s
ability to authenticate the primary user’s identity and interact
differently with different people to protect the primary user’s
data. P9 said that the agent’s goal was “to aid the autho-
rized user in rebuilding his password”, and P37 said, “[the
assistant] is here and can help and talk to anyone who needs
him”.

Trust A few participants articulated a view of betrayal
through the lens of violated trust. For these participants, the
agent’s goal was to “make [them] trust it” (P29) such that
they would more readily accept its help in finding what were
truly decoys.

Awareness of environment Several participants specu-
lated that the agent did not possess knowledge of—or did
not care about—the type of symbol that was on each tag,
only knowledge of where the tags were located. P32 said
that the agent’s goal was “to help me find where A.D. hid
stuff (but not smart enough to tell between clues and X’s)”.
Responses of this nature were evenly distributed across the
embodiment conditions, which suggests that embodiment or
lack thereof may not play a role in users’ assumptions about
an agent’s awareness of its physical environment.

Machine versus programmer Three people mentioned
the role of the programmer when asked if the agent was loyal
to anyone. These participants were hesitant to call the agent
“loyal”. For instance, P15 said, “I don’t think machines have
loyalty; they do as they are programmed to do.”

6.7 Other Findings

To find out whether participants’ success in finishing the
task impacted their ratings, we ran an ANOVA to look for
effects of having completed the entire task (a binary “yes” or
“no” variable) on responses.We found significant interaction
effects for Embodiment and task success on ratings of “the
agent wanted me to succeed” (p = .042) and “the agent was
loyal to someone else” (p = .002). Post-hoc analyses did
not reveal significant differences across the six groups.

Because people have different amounts and different kinds
of experience with robots and agents in their day-to-day
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lives, we suspected that some demographic variables, exist-
ing opinions about agents and robots, and personality might
influence perceptions of intent. With this in mind, we ran
preliminary analyses to look for correlations between these
extraneous subject variables and our dependent measures.
We found correlations between personality dimensions and
various outcome variables, so we ran our analyses again
with TIPI [25] personality dimensions as covariates. Using
ANCOVA, we found a significant interaction effect of Con-
scientiousness and Embodiment on belief that the agent had
malicious intentions (p = .045): participants with lower
Conscientiousness in theRobotic Embodiment condition had
the lowest ratings of the agent’s malicious intentions.

We also sought to assess our loyalty and betrayal items by
analyzing their correlations with other variables commonly
seen in HRI studies. Similar to Jian and colleagues [31], we
found an association between trust and loyalty: there was a
strong positive correlation between ratings of trust and the
belief that the agent was “loyal to me”, r = .753, p < .0001,
and a significant negative correlation between trust and rat-
ings of the agent’s “loyalty to someone else”, r = −.459,
p = .001. Ratings that the agent was “loyal to someone
else” were significantly negatively correlated with ratings
that it was “loyal to me”, r = −.681, p < .0001. Finally,
ratings of the agent’s loyalty to someone else were nega-
tively correlated with the belief that it had made mistakes,
r = −.424, p = .003.

7 Discussion

Our study explored various facets of interactions between a
person and a stationary robot, a virtually embodied agent,
or an agent with no embodiment during a complex task. It
also considered an agent’s use of misleading information by
framing the agent as someone else’s, thereby rendering the
participant an ancillary user. We leveraged this framing to
study people’s attributions and impressions to an unfamiliar
agent that may or may not be working in their interests. We
also sought to assess whether feelings of personal loyalty,
which have not been studied extensively in HRI, can arise
in human-agent relationships if given the opportunity. We
discuss how our findings can inform future robot embodi-
ment research, an evolving understanding of humans’ trust
of social agents and robots, and the design of agents that
interact with ancillary users.

7.1 Robot Embodiment and Task Demands

In response to RQ1, “Does embodiment impact people’s
beliefs about an agent’s motivations for giving bad infor-
mation?”, we found mixed results. Though the agent was
mostly-misleading in some cases and mostly-helpful in oth-

ers, it always gave some amount of misleading information,
and participants almost always noticed (as evidenced by their
behavior after each hint). For a disembodied agent, the bad
informationwas perceived as amistakemore often than itwas
for a robot regardless ofwhether the agent providedmajority-
good or majority-bad information. While there could be
numerous explanations for this finding, we suspect that peo-
ple may have perceived the disembodied voice agent to be
less knowledgeable about its surroundings because nothing
in its design signalled that it could understand them. Prior
work suggests that people often perceive bad behavior by a
robot to be the result of a malfunction rather than a malicious
action [42,59,65], and a perceived lack of agent knowledge
about the environment may amplify this tendency to favor
the “malfunction” explanation. This highlights the impor-
tance of design decisions about whether and how to make
sensors and state explicit and obvious. Additionally, robots
that signal their capabilities in ways that are more performa-
tive than honest (for instance, a robot that induces perceptions
of social agency because of its fluid use of natural language,
but cannot actually do many tasks beyond a limited scope,
e.g. [30]) may encounter problems with acceptance over the
long run if people value such honest signalling.

Our findings provide limited insight with respect to RQ2,
“How does embodiment influence trust and social attribu-
tions in a coordinated task?”. Most prior work that compares
co-present physical embodiment to virtual or remote embod-
iment has found that embodiment positively impacts social
perceptions, but we did not find any effects of embodiment
on any trust-related or social attribute variables. Instead, an
agent that gave more misleading information was more neg-
atively perceived no matter how it was embodied. This also
reflects RQ4, “Does the quality of information an agent pro-
vides impact the way people form impressions about it?”,
suggesting that trust and social attributions develop as a result
of interaction and are not determined by physical design. It is
likely that in real-world HRI, they are built over time, often
over several interactions, and variable; these impressions are
not constants that are formed solely on the basis of visual
appearance.

More broadly, certain unusual characteristics of our task
could have played a significant role in how impressions were
formed. Priorworkon embodiment has often focusedon turn-
by-turn conversation, but our taskwasmore physically active
and included time pressure, requiring participants to move
around to solve a puzzle while working against the clock.
The Spy Task is a fast-paced activity that requires thinking,
movement, and active attention to detail. It is possible that
whatmatters to perceptions of agent collaborators in an active
task is not the same as what matters to those perceptions dur-
ing amore passive task (e.g., giving or receiving instructions,
planning a project or trip, or solving a logic problem without
the burden of a timer and penalties). For example, complet-
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ing this task involved searching for clues in physical space,
so the task inherently encouraged participants to direct their
visual attention away from the agent. Gaze, movement, and
anthropomorphism are all aspects of embodiment important
to human–robot interactions; however, because these aspects
are often tied to visual attention, theymay bemore relevant in
contexts where it is natural and expected for people to look at
the agents with which they are working. In many in-person
social and collaborative contexts, people spend a nontriv-
ial percentage of their interactions looking not directly at
each other, but at other parts of the environment (e.g., driv-
ing somewhere with a friend, production line work, etc.). It
may be that embodiment is far less socially and psycholog-
ically important in attention-demanding environments than
in environments that are more conducive to eye contact and
structured verbal communication.

This provokes an interesting design question: are complex,
non-physical human-agent interaction tasks more embodim-
ent-agnostic than simpler ones? If so, designers may have
more flexibility to focus on environmental and physical con-
straints instead of psychological implications when deciding
how to embody an agent. This also suggests that the physi-
cal design of a robot may be able to be considered separately
from the design of its verbal interaction. Considering conver-
sation on its own could allow designers to prioritize different
desired attributes in the way a robot physically interacts than
in the way it verbally interacts. For example, in a hospital
setting, where comfort and informational trust are both cru-
cial, a cute, human-like robot may be able to be perceived
as both highly approachable and highly knowledgeable if it
speaks with the voice and conversational fluency of an adult.

7.2 Virtual Embodiment as a Burdensome
Characteristic

In this study, a puzzle task was perceived to be more diffi-
cult to complete with a virtually embodied agent than with a
voice-only or robotic agent. This may stem from a screen’s
lack of ability to provide meaningful context cues. It is also
possible that in social interactions, an agentwith an “interme-
diate” level of embodiment (one that can’t move, but has eyes
and is physically present) is less preferable because interact-
ing with it is not similar to interacting with humans through
any medium. Humans may appear embodied and present
(face-to-face communication; comparable to a co-present
robot), embodied and remote (video chatting; comparable
to a remote robot), or disembodied and remote (speaking by
phone; comparable to a voice-only agent). A tablet with eyes
is not directly comparable to any familiar mode of human–
human communication; people rarely hold a conversation
while seeing only each other’s eyes. Aversion to the tablet
may also stem from theway it directed its attention: the tablet
did not follow the participant’s movements with its head or

look at clues, but it did make use of its eyes for blinking and
expressing affect. This may remind people of the behavior
of someone who is “shifty-eyed” when trying to deceive or
play a joke on someone. It is unclear if “shifty eyes” are a
problem in HRI, but future work should examine this.

Another possible explanation for the relationship between
virtual embodiment and perceived task difficulty may be that
the two-dimensional, yet also visually expressive, nature of
a tablet did more harm than good in communicating with
the user. The robotic agent looked in the direction of each
clue target and directed its gaze toward the participant as
they moved about the room. In this way, it gave participants
visual and auditory information about the clues as well as
confirmation that it was active and aware of their activity. At
the other extreme, the voice agent’s only visual and physical
presence was a pair of speakers. It was feasible for partici-
pants to attend to the speakers the first time the voice agent
spoke, determine that the agent would be of no help visu-
ally, and then never look at the speakers again. In contrast,
the tablet agent imposed purposeless demands on the partic-
ipant’s attention: its eyes changed regularly, but it provided
no useful information through visual displays.

7.3 Owners and Ancillary Users

The Spy Task may be a useful paradigm to adapt for future
research into interactions that reflect the nuanced social roles
implicated in a multiparty human-agent relationship. Our
setup posed some risk of not positioning participants as ancil-
lary users in the way we intended if they did not interpret
“A.D.”, the invisible third party, as the agent’s primary user.
Given that the task and the robot were both strongly tied to
the physical space in which the task occurred and that current
IoT devices often interact with physical spaces (e.g., Ama-
zon’s Alexa or Google Home changing the color of living
room lights), there is potential for participants to assume that
the agent’s strongest affiliation is to the space rather than to
the person who works there. Participants were not explicitly
told that the individual who worked in the office owned the
assistant, a deliberate omission on our part because we were
curious to see if telling them that the agent “lived in” the
office would result in the logical progression from “the per-
son works in the office” and “the assistant lives in the office”
to “the person owns the assistant”. Indeed, all but 6 partici-
pants said “yes” to the question “Did the assistant belong to
the person who works in the office?”

The answer to RQ3,“Do people attribute loyalty to agents
based on their behavior?”, appears to be more affirmative
than negative. When asked directly if they believed the agent
had expressed loyalty or betrayal to them or to someone else,
people gave mid-scale ratings (3s and 4s—one on our scale
corresponded to complete disagreement). The ratings also
significantly differed between when the agent delivered use-
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ful versus not-useful information. This suggests that rather
than reject personal loyalty entirely as an explanation for
the behavior of a social machine, people are at least willing
to consider it. Additionally, the positive correlation between
loyalty and trust, and the negative correlation between loy-
alty to someone else and trust, suggest agents may need to
more explicitly demonstrate trustworthiness to gain the trust
of ancillary users than to gain the trust of primary users. This
possibility will be important to consider for the design of
agents that interact with multiple users, but answer primarily
to only a subset of those users.

Interpersonal loyalty canmanifest in numerous forms, and
the sense of loyalty (and lack thereof) that we attempted to
induce was very specific to our study narrative. Our attempt
to measure this construct opens the door for future scientific
exploration of questions about different kinds of betrayal,
such as emotional distancing, verbal aggression, the mainte-
nance of long-term relationships involving robots and users,
and recovering trust after violations involving personal risk.

7.4 Design Recommendations

The narrative that surrounded our task placed a human in an
uncertain situation, and we found that having the agent pro-
vide misleading information led to increased perceptions of
betrayal. Therefore, based on the results of this study, we rec-
ommend that an agent’s behavior be designed carefully for
cases in which the agent may need to act under conditions of
uncertainty or when a task is difficult and may not be com-
pleted correctly. One idea is to forewarn the human partner
that the agent may make an error. Advance warning that the
task is hard or that the agent or robot may not complete the
task correctly has been shown to be effective [21,39]. If an
error has already occurred, an acknowledgment of the error,
why it happened, and strategies for recovering from it should
be clearly stated. This has been shown to work in the ser-
vice recovery literature [10,39]. Our study also showed that
positive perceptions of the agent as a teammate were related
to heightened trust in it and heightened perceived loyalty.
Thus,when designing an agent for private and public settings,
it may be beneficial to consider incorporating behavior that
leads people to view it as a good teammate. This may involve
adapting behaviors to the user’s culturalmodel [38,55], lever-
aging known data about the user in a way that does not seem
to jeopardize their privacy [54], providing frequent feedback
[21], or a combination of these strategies.

7.5 Limitations

Our study is limited by its small sample size: we had eight
participants in each of six conditions. Thismeans that our sta-
tistical tests may be underpowered, and that our results may
not all generalize.We emphasize that this work is exploratory

in nature, and recommend larger sample sizes in future work
that seeks to confirm our findings.

A potential caveat of our experimental design was the fact
that the condition that was intended to be “disembodied” did
involve a physical platform that was visible to participants
(a pair of speakers); this may be seen as a form of being
embodied, although there is no “humanlikeness” to it. Addi-
tionally, our study did not assess the impact of robot form
on the variables we measured. We intentionally used three
forms that were maximally similar: the virtually embodied
agent had the same face and all the same hardware as the
robotic agent except for the pan-and-tilt platform, and in
all three of the Embodiment conditions, the agent used the
same voice. We could not both fully control for all extrane-
ous agent design-related variables and examine the role of
form (e.g., big vs. small, mobile vs. stationary, humanoid vs.
machine-like) within the realm of embodied robots, but this
is an important area for related and future work.

Also, the control of the Spy Task was imperfect: technical
problems led to fluctuations in the structure of the inter-
action that occasionally required the experimenter to enter
the room to interact physically with the agent. This did not
seem to impact perceptions that the agent was autonomous
or the questionnaire responses: most of the participants did
not appear to be disrupted by the experimenter’s presence,
and several of them did not even notice. If asked, the experi-
menter said that they were waking up the GoPro from sleep.

In a Wizard-of-Oz study that incorporates unstructured
interactions, it is impossible to perfectly control the num-
ber and order of events (robot utterances, robot movements,
participant conversation turns, etc.). However, the amount of
interaction and the order of the clues was generally consis-
tent across all participants in all conditions, and we do not
believe that inconsistencies played a significant role in their
experiences.

Limitations in our questionnaire regarded the target of
various statements that participants evaluated. Because par-
ticipants were asked towork against a fictional character who
they believed “owned” (or at least worked with) the agent,
theymay have answered some questions from the character’s
perspective instead of their own. For example, being asked
to agree or disagree with the statement “I can trust the agent
to do its job” is likely to lead to a different result for someone
who is induced to believe that the agent’s “job” is to protect
its owner from intruders than for someone who believes that
the “job” is to help the current user, no matter who they are.
While most of the statements were explicit about their targets
(e.g., “The agent is loyal to me”), this ambiguity reveals a
missed opportunity to more explicitly explore questions of
ownership and in-room embodiment mentioned earlier.

We found evidence for attributions of loyalty and betrayal
by directly asking participants if they associated these terms
with the agent’s behavior. As such, we took only one of many
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possible approaches to our research questions regarding loy-
alty and betrayal. In particular, RQ4 lends itself to further
empirical study: we did not vary the amount of unhelpful
information the agent gave when it misled participants, but
doing so might permit deeper analysis into how much bad
performance a social AI needs to demonstrate before its rela-
tionship to its user(s) is permanently damaged. Given that
“loyalty” and “betrayal” can mean many things when used
colloquially and, to date, are only vaguely defined in the
human-agent interaction context, we believe that future work
should explore objective and subjectivemetrics for these con-
structs.

8 Conclusion

This study employed a puzzle task situated in physical space
to explore how people interact differently with agents that
are embodied physically, virtually, or not at all during com-
plex interactions. It also probed questions about how agents
could interact with ancillary users, or people who are not
their owners or otherwise the parties most closely asso-
ciated with them. Our findings did not suggest a strong
relationship between physical embodiment and perceptions
of an agent. Instead, we found that small manipulations of
the way the agent acted toward the human played a much
larger role in shaping the person’s experience. The agent
in our study had a consistent “personality” and was simi-
larly interactive in all three embodiments. Regardless of its
visual appearance and movements, the agent’s social self-
presentation was always the same: it spoke about its physical
environment (which implied that it had knowledge of the
environment), provided encouraging remarks when the par-
ticipant met successes, and responded with consistent timing
and conversational fluidity. While varying embodiment did
not affect perceptions of the agent, varying the helpfulness of
the agent’s information and its apparent allegiance—giving
people the impression that the agent was working “for them”
or “for someone else”—had greater effects. Our findings
reveal several avenues of future exploration to better under-
stand the relationships among embodiment, misinformation,
and agents’ ties to their users.
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