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Abstract
Conversational interfaces that interact with humans need to continuously establish, maintain and repair common ground in
task-oriented dialogues. Uncertainty, repairs and acknowledgements are expressed in user behaviour in the continuous efforts
of the conversational partners to maintain mutual understanding. Users change their behaviour when interacting with systems
in different forms of embodiment, which affects the abilities of these interfaces to observe users’ recurrent social signals.
Additionally, humans are intellectually biased towards social activity when facing anthropomorphic agents or when presented
with subtle social cues. Two studies are presented in this paper examining how humans interact in a referential communication
task with wizarded interfaces in different forms of embodiment. In study 1 (N = 30), we test whether humans respond the
same way to agents, in different forms of embodiment and social behaviour. In study 2 (N = 44), we replicate the same task
and agents but introduce conversational failures disrupting the process of grounding. Findings indicate that it is not always
favourable for agents to be anthropomorphised or to communicate with non-verbal cues, as human grounding behaviours
change when embodiment and failures are manipulated.
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1 Introduction

With conversational interface technology on the rise, several
questions remain open on how humans engage with inter-
active agents in different forms of embodiment and social
behaviour. Controlled using voice, these interfaces have
changed the way we interact with technology in profound
ways. Through an always present, screen-less and hands-
free interface, users are encouraged to engage in embodied
interactions and use natural forms of communication [23].

A wide range of interaction modalities has been designed
and researched for conversational agents, that come in var-
ious forms such as smart speakers [4] and social robots
[11]. However, by design, social robots provide additional
modes of communication. Social robots interact using not
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only speech but also non-verbal behaviour. By generating
multimodal communicative behaviours such as gaze cues,
facial expressions and gestures [12,59], social robots enable
embodied contributions to common ground similar to how
humans interact and establish mutual understanding [73].
Grounding, the coordinated process in which humans collab-
oratively establish mutual understanding [17], is also central
in interactions between humans and machines, when conver-
sation is the main interface. The medium of communication
is an important factor to how common ground is established
[17], and consequently robot embodiment and anthropomor-
phic elements may influence people’s grounding behaviours.

In the fields of human-computer interaction and human–
robot interaction, anthropomorphism is often leveraged as
a way to make machines more ‘comfortable’ to use. The
additional comfort comes from ascribing human features to
machines with the aim to simplify the complexity of tech-
nology [56,60]. In addition, patterned social behaviours may
facilitate social interaction with users, however, generating
and interpreting these cues can induce higher levels of cog-
nitive load [79]. Social robots do embody such behaviours,
and provide the possibility of generating non-verbal social
behaviours in their interactions with humans [26]. Many of
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Fig. 1 Illustrative image of the task and interactive setup used in the
studies: a social robot guiding a human how to cook

these behavioural elements are subtle social cues (e.g. joint
attention and mutual gaze), that are highly important for
establishing common ground in situated human conversa-
tional environments. One reasonwhy face-to-face interaction
is preferred may be that a lot of familiar information is
encoded in the non-verbal cues that are being exchanged
(Fig. 1).

However, like any other interface, conversational inter-
faces are bound to fail in daily interactions with humans.
These failures can be critical because they require human
intervention and can cause users to lose trust in the agents’
assistance and capabilities. The social environment that
these interfaces are immersed in can cause one subset of
failures that are defined as social failures, which can poten-
tially lead to violations of social norms [37,58]. A lot of
research approaches assume perfect interactions, and many
critical failure aspects are often overlooked. Systems that
interact with humans will inevitably have to deal with
failures, user uncertainty and confusion. Nevertheless, in
human-human communication, mistakes and imperfections
can make humans more likeable and attractive [58]. How-
ever, little is known on how agent embodiment affects users’
reactions when system failures disrupt the process of mutual
understanding.

Additionally, research that has focused on robot failures
often involves failures of low severity where little is at stake
for participants, and less work has been done on failures
where there is robot-induced risk for users. Failure severity
can impact disruptions to common ground in human–robot
interactions. In this work, we approach both low severity
failures (little to no consequence of the failure) and high
severity failures (more severe consequence of the failure).

Paper aims

While robot embodiment has shown to positively impact
interactions with humans, it remains to be explored if this
effect persists in displays of mutual understanding, and also

when the robot fails. This paper aims to contribute to this
emerging field with two empirical evaluations using the ele-
ments of: (i) embodiment and non-verbal behaviour and
(ii) conversational failures on changes in human grounding
behaviours. In study 1, we examine whether a human-like
face (social robot), capable of displaying non-verbal cues,
shifts interactive behaviour in comparison to a voice-only
assistant (smart speaker). To comprehend the effects of the
comparison further, we test whether it is the human-like face
or the non-verbal features that contribute to variability in
behaviour and remove in a separate manipulation the non-
verbal behaviour of the social robot. In study 2,we extend this
work by studying the impact of the same factors on people’s
grounding behaviour with a robot in different task severities
and when it fails. These two studies examine the following
research questions:

• RQ1:What are the effects in humangroundingbehaviour
when manipulating robot embodiment and social
behaviour during task-oriented dialogue?

• RQ 2a: How do different robot embodiments affect
people’s grounding behaviours after conversational fail-
ures?

• RQ 2b: Does failure severity interact with the above
manipulations and with people’s grounding behaviours?

2 Related work

2.1 Common ground

An essential aspect of human–robot collaboration is coor-
dination in communication; natural language, eye con-
tact, deictic gestures, are significant in embodied language
grounding1 between humans andmachines. For effective col-
laboration, humans and robots need to establish,maintain and
repair common ground in situated referential communication
[17]. Furthermore, performance in social and collaborative
situations depends fundamentally on the ability to detect
and react to embodied social signals that underpin human
communication [40]. These signals are complex and their
coordination is achieved in both verbal and non-verbal forms.

To establish common ground, speakerswork togetherwith
references to entities in the shared space of attention [20].
This requires a process of synchronisation with embodied
contributions to the ground,where the listener needs to under-

1 In the robotics community the symbol grounding problem [34] is
prominent, however in this paper, we consider grounding as series
of contributions in conversation [19]. The symbol grounding relates
symbolic representations of language to mental phenomena, whereas
Clark’s contribution model, central in this paper, places grounding in
the view that shared beliefs and knowledge coordinate how common
ground is established moment by moment among speakers.
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stand the utterance at the same time it is spoken and provide
feedback or comply with the speaker’s requests. Eye-gaze
in particular, is a fundamental form of pragmatic feedback,
in that the listener attends the speaker [19], and maintaining
attention to the task, is the listener’s signal of understand-
ing [17,18]. According to Clark [18], as long as listeners’
attention is undisturbed, they maintain positive evidence of
understanding [25]. If listeners look confused or do not attend
as expected, speakers will engage into correcting action. If
grounding is not satisfied, conversational partners need to
collaboratively resolve any failures that arise.

The impact of the medium for establishing grounding is
also important.While face-to-face is the richest form of com-
munication in humans [27], there are potential barriers in
collaboratively establishing common ground with robots, in
the sameway human speakers do [13,36].We can not assume
that robot gaze will elicit the same responses from people in
the referential process. Studies have shown that robot gaze
is interpreted differently than human gaze [1]. For example,
humans tend to look at the robot’s face longer when referring
to objects comparing to human speakers, indicating a con-
cern on the robot’s understanding [85]. Nevertheless, how
robot embodiment affects the process of mutual understand-
ing remains largely unexplored.

2.2 Robot embodiment

There seems to be an interest in literature on how differ-
ent representations of physical embodiment and human-like
features affect interaction performance and the perception
of agents. Several studies have compared agents in digital
screens to social robots [24,44,79] and they have shown that
human-like agents that are physically co-located are gener-
ally preferred and are perceived to be more socially present
than their virtually embodied versions [8,38,41,43,52] or
remote video representations of the same agents [65,82].
Other studies have shown that social robots’ perceived situa-
tion awareness is higher [54] and by adding non-verbal cues,
the same agent is perceived as more socially present [32,64].

Anthropomorphising is to ascribe human-like features and
characteristics to an otherwise non-human object and has
become a common metaphor in the domain of computing
[56]. Anthropomorphic features have been used in social
robots to augment their functional and behavioural charac-
teristics, and it has been argued that for interactions with
humans, social robots need to be structurally and function-
ally similar to humans [26]. Using anthropomorphic features,
agents provide a form of illusion, leading the user to believe
that the agent is sophisticated in its actions. It has been shown
that anthropomorphic robots with faces are better at estab-
lishing agency and at communicating intent [39].

Embodiment also influences people’s willingness to com-
ply with robots’ requests. People are more likely to comply

with unusual requests from physically present robots than
from robots present over live-video [9]. Additionally, in
task-oriented interactions, people address a smart-speaker
differently than amore anthropomorphic social robot in terms
of visual attention. Humans tend to have a preference for
social robots with contingent gaze behaviours, which may
not always be a conscious choice. This also indicates that
people may utilise different social mechanisms (e.g. turn-
taking coordination) towards smart-speakers than to social
robots [47,50].

However, it is not just the physical embodiment of the
robot that has implications on its perceived intentions, but
the behaviour and actions of the robot as well [78]. Research
in HCI has advocated human-likeness and human-like coor-
dination of verbal and non-verbal cues as the only way to
convey human-like intelligence [14,15]. While most con-
versational interfaces communicate intent using language,
social robots use verbal and non-verbal cues, and addition-
ally encourage users to anticipate shared actions in the same
space of attention [23]. Non-verbal behaviour is therefore
used for communication, signalling and social coordination.
The more human-like the agents’ responses, the more they
are attributed as social actors [56,62] and agents that do not
use the rich set of social behaviours may evoke lesser feel-
ings of mutual understanding. Research has shown that when
artificial agents take advantage of human-like coordination
of non-verbal behaviour, they are perceived to be more col-
laborative and intelligent [16,67].

2.3 Robot failures

As interactions with conversational agents are becoming
increasingly common, it is more likely that people will
encounter failures with these systems. It is therefore impor-
tant to investigate how people’s behaviours are affected
when system failures cause misunderstandings [10,57].
Researchers have however reported mixed results in the
effects of robot failure on people’s behaviour and perception
of the robot.

While faulty robots are perceived as less trustworthy and
reliable, they do not always influence people’s willingness
to comply with robot requests [68,71]. Correia et al. [22]
has found a decrease in trustworthiness when robots fail,
however, the effect is mitigated if the robot attributes the
failure to a technical problem. Mitigation strategies depend
on several factors, such as the nature of the task [51], failure
timing [53] and failure severity [61].

The effects of robot failures on robot perceptions are
nevertheless not consistent. Robot failures can also posi-
tively affect user behavioural responses. Robots that exhibit
erroneous behaviours in games engage users more [74].
Moreover, while erroneous robots are perceived to be less
intelligent, competent and reliable, users perceive the inter-
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actions as easier and more enjoyable [58,66]. Similarly,
incongruent multimodal behaviour is rated as more human-
like and likeable [70], indicating a preference for ‘imperfect
robots’.

Research in HRI has also investigated how robot failures
impact user behaviours, including patterns in eye-gaze, head
movements, and speech - social signals that exhibit either
established grounding sequences or implicit behavioural
responses to failures [6,31,35,76,80]. Behavioural signals
have also been examined at unexpected responses from
human–robot interactions in the wild [5,30,75], with the
use of social signals from low-level sensor input, to high-
level features that represent affect, attention and engagement.
Research has also showed that users tend to enact different
behavioural responses to failures from human-like robots in
contrast to smart-speaker embodiments [49].

Finally, less work has been done on failure in high sever-
ity situations, as this is difficult to convincingly simulate in a
laboratory environment. In that direction, Morales et al. [61]
studied people’s behaviour to robot failures that involve per-
sonal risk. Providing a human-like face showed to influence
people’s willingness to help the robot. Additionally, people
seem to trust less a robot that makes failures with severe con-
sequences [69] and the consequence of the failure may affect
how people attribute blame in severe failures [81].

3 Present paradigm

To examine the questions on the role of embodiment and fail-
ures in the process of grounding, we use a paradigm where
messages are exchanged between conversational partners in
a task-oriented setting. We defined a referential communica-
tion task of an instructional nature, where the speaker makes
continuous task requests (by naming objects) that the listener
needs to accomplish. We use the term speaker to indicate the
conversational partner that initiates message requests (in this
paradigm the conversational interface), and listener the recip-
ient of the intended messages (the user).

We also make the assumption that in task-oriented dia-
logue, task actions2 convey contributions to common ground.
When a speakermakes a request (‘can you passme the salt?’),
a contingent compliance to that request is expected, likely
with an acknowledgement of receiving the message (“sure”,
-passes the salt). Uncertainty or hesitations that either inter-
rupt attention or cause delays in the task lead to problems in
grounding. In such cases of miscommunication, the speaker

2 In what Austin calls perlocutionary effects [7], rational and coop-
erative speakers will perform a requested action, assuming they have
understood correctly an instruction utterance, and thereby satisfy the
speaker’s communicative goal [29]. Complying to robot requests, user
actions also represent turns, even when they are carried out in silence
[28].

Fig. 2 The experimental paradigm used in the studies. For each new
ingredient added in a cooking recipe, users had to ask the robot for
instructions on how to proceed. Recipe ingredients were laid out on a
table in front of the subjects. Distracting objects were used, and the
recipes were unknown to participants

will need to repair and reformulate the message to help the
recipient accomplish the intended task (‘it’s on your right’)
[48]. Given each speaker request, listener’s actions are con-
ditionally relevant, and expected to contribute to common
ground, the mutual belief that the listener has understood
what the speaker meant [19,72].

In the task, the speaker (robot) guides the listener (user)
to complete cooking instructions (Fig. 2). The instructions
are not trivial, therefore the user is dependent on the robot
that has knowledge of the task. In this paradigm, we keep
the task the same in both studies 1 and 2 and manipulate
the robot embodiment and non-verbal behaviour (Study 1),
as well as instructions that are either with or without fail-
ures (Study 2). To represent acceptance of a robot request
(instruction), we make use of user acknowledgements, and
as for understanding, we expect users to successfully comply
to robot requests, represented in user motion. Other speech
and eye-gaze features are also examined to represent turn-
taking behaviours. In the rest of the paper we compare these
two studies in which embodiment and failures are manipu-
lated, and examine grounding behaviours in the directions of
the research questions presented in Sect. 1.

4 Study 1: Robot embodiment

In order to investigate the impact of robot human-likeness and
social non-verbal behaviour in grounding, we defined three
embodied personal assistants (using two embodied conver-
sational agents).

4.1 Experimental design

1.We utilised a Smart Speaker [SS] embodied conversational
interface that only interacts with speech. A first generation
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Fig. 3 An illustration of human–robot task-oriented dialogue

Amazon Echo was used, which was connected via Bluetooth
and a TTS service similar to the default Echo TTS gener-
ated pre-scripted voice commands. Morphology: Cylinder
speaker. Output modality: Voice.
2. We also used a Robot without gaze behaviours [ROBOT
(NG)] as an embodied assistant in the form of a human-like
robotic head. As SS, it uses speech to interact and no other
modalities.AFurhat robot [3]was used,whichwas stationary
and did not utilise any head or eye movements, and statically
looked at the user. The robot had equivalent quality TTS to
SS, speaking the same pre-scripted utterances. Morphology:
Human-like back-projected face. Output modality: Voice.
3. We finally used a Robot with gaze behaviour [ROBOT],
the same Furhat with pre-designed social gaze mecha-
nisms, that also used voice for interaction. These included
task-based functional behaviours such as gazing to objects
during a referring expression and a turn-taking gaze mecha-
nism. Morphology: Human-like back-projected face. Output
modalities: Voice and head movement.

Using the three aforementioned agents, an exploratory
within-subject user study was conducted to analyse the
impact of human-likeness and non-verbal behaviour features.
We manipulated two independent variables [embodiment
and social eye-gaze], in three conditions [SS, ROBOT (NG),
ROBOT ], presented in different order to participants using a
Latin Square. The following hypotheses were posed, towards
the investigation of research question 1:

• H1. Similarly to how humans interact in face-to-face
communication, when compared to the SS and the
ROBOT (NG), the ROBOT will shift people’s ground-
ing behaviours by increased measures of attention and
verbal behaviour.

• H2. While non-verbal behaviour should shift grounding
behaviours, a human-like designwithout non-verbal cues
should not induce the same differences. Differences in
grounding behaviours should not apply between the SS
and ROBOT (NG).

• H3. Complying to the task and task time should not be
dependent on non-verbal cues or human-like design, as
all agents utter the same unambiguous instructions.

Fig. 4 The WoZ operating room was situated in an adjacent room to
the interactions and not visible to subjects

4.2 Task and supported dialogue

In order to avoid any misunderstandings on the task and the
subjects’ role, we began the interactions with a control trial
with a human instructor. We then asked subjects to cook 3
variations of fresh spring rolls without providing the recipes;
they had to get the recipes by interacting with the agents. Dif-
ferent varieties of ingredients and amountswere used (Fig. 2).
The experiment setup also included ingredients not used in
any of the recipes, encouraging participants to interact with
the agents to find out the correct ingredients for each recipe.
The task was the same in each condition, but different recipes
were used. We had a total of 20 ingredients and a recipe typ-
ically included 7 ingredients to prepare.

All agents used a combination of nouns, adjectives and
spatial indexicals as linguistic indicators to identify ingredi-
ents on the table, “The cucumber is the green thing on the
right” (Fig. 3). The ROBOT with gaze however, also gazed
at the referent ingredients (0.5 s prior to the reference). The
agent’s role in the task was therefore to instruct and the sub-
ject’s role was to assemble the ingredients together.

Participants were led to believe that the robot was
autonomous. However, to dismiss potential problems in
speech recognition and language understanding, we used a
human wizard (WoZ) to control the behaviours of the agents
(Fig. 4). The human wizard selected the appropriate agent
response, as triggered by user speech. The WoZ application
and dialogue policies were the same across conditions and
wizards were not able to deviate from the interaction pro-
tocol, but only use pre-defined dialogue options. For every
dialogue act, a set of predefined utterances was available,
that the system would choose at random to generate, given
the current dialogue act in the task. The WoZ therefore indi-
cated the current dialogue act in conversation, and not what
to say.

Human wizards had the following dialogue options in
response to user dialogue acts: (a) [next instruction] the user
has finished the current step of the task or has requested the
next ingredient, (b) [clarification answers] if users asked for
clarification, the agents would provide additional task-based

123



244 Journal on Multimodal User Interfaces (2021) 15:239–254

information by replying to ‘what/where’ is an ingredient,
‘how much’ of an ingredient should be taken, confirmations
with ‘yes/no’ answers, and (c) [repeat] the previous instruc-
tion. Users were not aware of dialogue options, but would
interactwith the agents to find out. In rare cases, if a user devi-
ated from the interaction protocol (e.g. ‘what’s the meaning
of life?’), the robot uttered ‘I am sorry, I do not understand’
and moved on to the next instruction. Finally, when users
selected wrong ingredients, the robots indicated an [incor-
rect] action.

In order to facilitate a natural turn-taking mechanism, we
defined a heuristic gaze model for the gaze ROBOT with
pre-determined timings for turn-taking gaze and referential
gaze to objects which is important in directing interlocutors’
attention [2,33,55]. The gaze ROBOT therefore engaged in
mutual gaze and joint attention with the subjects during the
interactions. Before an utterance, the robot made a gaze shift
to the subject to establish attention, followed by deictic gaze
to a referent object indicating it is keeping the floor, and at
the end of the utterance a gaze shift back at the participant to
establish the end of the turn [40,63,77].

4.3 Participants and procedure

We recruited 30 participants (18 female and 12 male) with
ages in range 19–42 and mean 24.2. 17 had interacted with
a robot before and 20 with a smart speaker. 13 had inter-
acted with both a robot and a smart speaker before, while 6
with none of the two. Overall, their experience with technol-
ogy was 4.8 from 1 to 7 (stdev = 1.6). Participants signed a
consent form and were instructed that they are able to stop
the experiment at any time. They were compensated with a
cinema ticket and the food they cooked during the study.

Participation in the study was individual. First, partici-
pants filled a demographics questionnaire and then cooked
the first recipe with a human instructor. Then, they cooked
a recipe with the help of one of the agents. They repeated
that phase 3 times with a new agent every time (counter-
balanced), and at the end of the study they filled an end-
questionnaire. During the trials, participants were alone in
the room, and the WoZ was monitoring their actions using
a ceiling camera with a live feed. Participants were not told
that the agents were controlled by a human wizard, until the
end of the study.

Participants were not asked to finish the task with any
time pressure, to ensure space for socially interacting with
the agents. The human instructor was kept the same for all
subjects, and followed the same behaviour and dialogue pol-
icy as the agents. The subjects stood in front of a table, with
a cutting board and ingredients prepared and laid out in front
of them (Fig. 2) and the agent was situated on the side of the
table. The ingredients were fixed in place and the order of
them remained consistent throughout the experiment.

4.4 Measures

In order to evaluate grounding behaviours with the spoken
dialogue agents, we used task-based behavioural measures
such as gaze, task time and conversational features. As we
manipulated the agents’ embodiment and attentional capa-
bilities, we expected to find differences in conditions on
attentional and conversational cues.

We extracted the following behavioural measures that rep-
resented user behaviour to robot requests: Proportional gaze
to the agent: We measured subjects’ gaze using their head
pose direction (automatically annotated from a motion cap-
ture system [46]), which should indicate subjects’ attention.
Number of conversational turns: The number of turns the
agent responded to human turns (extracted from agent logs).
Clarification questions: We used the number of times the
agent answered clarification questions (extracted from agent
logs), to indicate different levels of understanding agent
instructions. Interaction time: We measured the task time
from the beginning to the end of the interaction (extracted
fromagent logs) to count the amount of time subjects engaged
with the agents. Acknowledgements: we manually annotated
user acknowledgements (‘sure’, ‘okay’) right after each agent
instruction to compare how often subjects accept a robot
message before carrying on to the task. While an acknowl-
edgement representsmessage acceptance, it does not indicate
understanding [17]. As such, we also extracted head move-
ment using the motion capture system, to represent user
motion3: when users are working on the task there should be
moremovement4 (accumulated inmeters) within robot utter-
ances, while confusion and misunderstanding, combined
with scanning of the visual scene, can cause lack of move-
ment [31,80] (Fig. 5) or engagement [83].

4.5 Results

Wedetected subjects’ head pose over time and extracted gaze
duration to the agent and the task during agent instructions.
Proportional gaze to the agent is reported. Each phase is first
normalised per subject to reduce subject variability and then,
each interval mean is used for comparison.5 A repeated mea-

3 At the end of each action most users also verbally expressed they
have completed the current step of the task. 27 out of 30 participants,
in 72.3% of all cases subjects gave verbal feedback, without significant
differences among embodiment (p = .886).
4 Wewould like to clarify the difference between the use of headmove-
ment and head direction, that represent here two separate behaviours.
Little to no motion of head with a lot of variance in head direction,
should indicate hesitation and scanning of the visual scene. While the
opposite, variance inmotion and steady (with little variance) head direc-
tion should indicate a determined course of action.
5 Statistical tests were conducted using IBM SPSS. An alpha level of
.05 was used for all statistical analyses (automatically corrected for
multiple comparisons). Same applies further in Study 2.
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Fig. 5 We extracted head movement to represent user motion. More
movement should indicate subjects are working on the task according
to robot requests, while lack of movement should represent hesitation
(as shown in figure when asked to pick up lettuce)

Fig. 6 Proportional gaze to agent during agent instructions. Error bars
indicate standard error of the mean (n = 30)

sures ANOVA to test the effect of gaze showed a significant
main effect, F(2,28) = 18.07, p < .001). Post-hoc tests with
a Bonferroni correction, and p-value adjusted for multiple
comparisons, revealed that gaze towards ROBOT (.47) is sta-
tistically greater than gaze to SS (.31, p < .001) and ROBOT
(NG) (0.33, p < .001). No other statistical differences were
found in pairwise comparisons (Fig. 6).

A repeated measures ANOVA on the number of conver-
sational turns showed a significant main effect: F(2,28) =
5.23, p = .012). Post-hoc tests with a Bonferroni correc-
tion revealed that conversational turns with ROBOT (21.23)
are statistically greater to ROBOT (NG) (19.40, p = .036)
and to SS (18.53, p = .033). No statistical differences were
found between the other two conditions (Fig. 7).

When compared across conditions, repeated measures
ANOVA tests revealed significant differences among the
three conditions on the number of clarification questions
F(2,28) = 4.83, p = .016). Post-hoc pairwise tests with
Bonferroni correction were carried out for the three pairs of
groups. The results indicated a significant difference between
SS (2.5) and ROBOT (4.0, p = .019) (Fig. 8). There were
no other statistical differences.

We trivially found that task time was correlated with the
number of conversational turns (r = .654, p < .001), and
the number of clarifying questions (r = .566, p < .001).

Fig. 7 Number of conversational turns across agents. Error bars indicate
standard error of the mean (n = 30)

Fig. 8 Clarification questions across agents. Error bars indicate stan-
dard error of the mean (n = 30)

Fig. 9 Total interaction time. Error bars indicate standard error of the
mean (n = 30)
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We tested for comparison the sequence of the task, and
no statistical difference was found, meaning that the task
sequence did not affect task performance. However, when
compared across conditions, a repeated measures ANOVA
showed a significant effect in interaction time F(2,28) =
4.94, p = .014. Post-hoc tests with a Bonferroni correc-
tion revealed that interaction time with ROBOT (232.93 s) is
statistically greater toROBOT (NG) (217.26s, p = .023) and
to SS (212.66 s, p = .041). No other statistical differences
were found (Fig. 9).

A comparison across conditions in user acknowledge-
ments with repeated measures ANOVA tests revealed sig-
nificant differences among the three conditions, F(2,28) =
3.41, p = .043. Post-hoc pairwise tests with Bonferroni cor-
rection were carried out for the three pairs of groups. The
results indicated a significant difference between SS (.50),
ROBOT (NG) (1.06) and ROBOT (1.00) (Fig. 10).

Finally, subjects’ head movement between agent utter-
ances showed a significant main effect, F(2,28) = 4.42,
p = .019. Accumulated head movement with ROBOT (NG)
(2.24m) was lower than SS (2.46m) and ROBOT (2.46m)
(Fig. 11).

5 Study 2: Robot failures

5.1 Experimental design

In study 1 we saw large differences between SS and the gaze
ROBOT, however ROBOT (NG) was similar to SS in most of
the behavioural measures and similar to the gaze ROBOT in
measures such as acknowledgements.We assumed that when
a human-like face is presented, human-like coordination of
non-verbal cues is expected too, as seen in our findings, and
therefore removed the ROBOT (NG) condition in study 2 to
limit the number of trials across subjects.

We also added more steps in the interaction in order
to introduce robot instructions that include failures and
induce situations of misunderstanding. This means that each
interaction in study 2 takes longer as more robot requests
(instructions) are implemented in comparison to study 1. The
robot instructions implemented were nevertheless the same
in studies 1 and 2. We otherwise kept the task the same, and
also the devices (using the same TTS), gaze behaviour and
human trial in the beginning of every interaction. Subjects
that took part in study 2, had not taken part in study 1 and
were therefore new to the task.

With the addition of the variable of conversational failures,
we attempted to replicate results from study 1, and in light
of general findings, we discuss human grounding behaviours
under different experimental conditions. We expected that
under the same conversational and attentional measures, sub-
jects should display different grounding behaviours when

Fig. 10 Average number of acknowledgements by users after robot
instructions. Both human-like embodiments showed to significantly
increase user acknowledgement behaviour

Fig. 11 Accumulated head movement in meters across embodiment
between agent instructions. Error bars indicate standard error of the
mean

there are misunderstandings and disruptions of common
ground, yet they shouldmaintain similar behaviours (toStudy
1) when no failures occur.

Conversational failures. We used a set of failures,
informed by taxonomies of failures in previous studies in
HRI [37]. These induced failures in the interactions repre-
sented typical robot malfunctions that have been reported in
human–robot interactions, and they are either task-oriented
(giving incorrect guidance), or failures that violate social pro-
tocols of interaction (not responding) [37]. All failures had
the consequence of delaying users in completing the task:
Disengagement. The system simulates ‘losing’ user engage-
ment and restarts the interaction. It utters the welcome
message when a new user has entered the task and fifteen
seconds after the failure has occurred it becomes responsive
and continues the guidance.
Incomplete instruction. In this failure the robot times
speech improperly by producing an incomplete instruction,
and after a short delay continues its utterance.
No response. The robot simulates lack of user speech input
by not responding for 20 seconds.
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Fig. 12 An illustration of a human–robot dialogue in the task when a
[REPEATING] type of failure occurs

Repeating. The robot repeats a previous statement by asking
the user to perform (again) the previous instruction (example
in Fig. 12).
Incorrect guidance. The robot produces an erroneous
instruction by asking the user to pick a non-existing object
(ingredient).

Both agents were designed to not display any awareness
that they have failed or apply any error recovery strategies.
When users asked for clarifications trying to resolve failures
the agents would simulate not understanding and prompt the
user to continue to the next instruction. This would ensure to
leave certain parts of the task ‘ungrounded’ until the end of
the interaction, yet subjects would still be able to proceed to
the next steps. To obtain as similar circumstances as possible,
the order of failure stimuli was predetermined per interaction
in 2 sequences that were counter-balanced per embodiment.

Failure severity. Another factor that can affect human–
robot collaboration in guided tasks is time pressure. In this
study,we introduced timepressurewith a timer on a computer
screen right next to the task. We expected that under time
pressure, the same failures would have a higher severity on
the task andwould influence users’ behaviour with the robots
that refrain them from an anticipated reward. Only half of the
participants in this study were introduced to time pressure in
the task, which is therefore introduced as a between design
factor. Participants were rewarded with a cinema ticket for
their participation, however participants under time pressure
were told that they would receive one extra cinema ticket if
they would finish the task on the top 20% fastest of all pre-
vious interactions. Subjects were debriefed at the end of the
study that this was part of the experiment manipulation. In
sum, participants that experienced failures under time pres-
sure are in the ‘high severity’ condition, while participants
that had no time pressure experienced failures of ‘low sever-
ity’.

To examine the relative effects of the two independent
variables of embodiment (smart-speaker and social robot)
and failure severity (low and high) a 2×2 mixed-design was
used. Specifically, robot embodiment was conducted within
subjects and failure severity was manipulated between sub-
jects. All participants interacted with both robots (SS and
ROBOT), counter-balanced in order. Participants were ran-

domly assigned to either the low or high severity of failure
condition but stratified by gender.

To examine RQ2a and RQ2b we posed these hypotheses:

• H4. Similarly to Study 1, the ROBOT will shift people’s
grounding behaviours by increasedmeasures of attention
and verbal behaviour, in addition to when failures occur,
as subjects will attempt to resolve failures.

• H5. Subjects will shift their grounding behaviours by
decreased attention and verbal behaviours when in time
pressure (high failure severity).

• H6. Complying to the task and task time will be depen-
dent to failures and failure severity.

5.2 Task and supported dialogue

The task and dialogue, wizard protocols, and the ROBOT’s
gaze behaviour remained the same as in study 1. One differ-
ence was on the wizard decision to proceed to the next step
of the interaction. As mentioned in study 1, we noticed that
almost all participants verbally requested from the agents
to proceed to the next instruction once they finished the
requested action. The wizard in study 1 would proceed to
the next instruction once a user action was complete (with or
without verbal clarification). In contrary, we instructed the
wizard in study 2 to only proceed when subjects have explic-
itly and verbally requested for the next instruction (‘what is
next?’), giving the impression of an autonomous system.

5.3 Participants and procedure

44 participants (26 reported female and 18 reported male)
were recruited via mailing lists and were rewarded with a
cinema ticket for participation. The average age was 26.6 in
the range 22-37. Participants signed a consent form before
participation and were instructed that we study the impact
of smart technologies and robot communication in instruc-
tions. 34 had interacted with a smart speaker before and 31
with a robot. The procedure of the experiment was the same
as in Study 1 with the difference that Study 2 participants
interacted with 2 agents instead of 3. A trial with a human
instructor was also introduced before interactions with the
agents. The experiment took place in the same room as in
Study 1 and with the same conditions and equipment.

5.4 Measures

Using the ELAN annotation software [84], we manually seg-
mented parts of each interaction into failure and no-failure. In
these time segments, we extracted temporal measures from
users’ behavioural data, similar to the measures reported in
Study 1. Gaze: Using motion-capture, we collected partic-
ipants’ gaze annotated by their visual angle and measured
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Fig. 13 Proportional gaze to agent during instructions. Error bars indi-
cate standard error of the mean (N = 44)

Fig. 14 Number of conversational turns. Error bars indicate standard
error of the mean (n = 44).

proportional amount of gaze towards the robots during
instructions. Number of conversational turns: As in study
1, we extracted the number of turns the agent responded to
human turns (extracted from agent logs). Clarification ques-
tions: The number of times the agent answered clarification
questions (extracted from agent logs). Interaction time: The
task time to count the total interaction time with each agent
(extracted from agent logs). As a manipulation check, we
expected that high severity participants would be faster with
time pressure and an anticipated reward at stake. Acknowl-
edgements: we manually annotated user acknowledgements
right after each agent instruction to compare how often sub-
jects accept a robot message before carrying on to the task.
Head movement: Finally, we also extracted head movement
to represent user motion (accumulated in meters).

5.5 Results

In this section, we present results from non-verbal coor-
dination and verbal performance from users’ behavioural
measures. Due to sensor errors, data is missing from two sub-
jects (one in each severity condition). Note that in this study
we utilise a mixed design with the use of two within design
factors (embodiment and failures) and a between design fac-
tor (severity), in contrast to Study 1 where only one within
design factor was measured (embodiment).

Fig. 15 Number of clarification questions. Error bars indicate standard
error of the mean (n = 44).

Fig. 16 Interaction time. Error bars indicate standard error of the mean
(n = 44)

Three-way ANOVAs on gaze to agent showed significant
main effects in the factors of embodiment and failure. Bon-
ferroni corrected pairwise tests revealed that proportional
gaze to agent is higher with the ROBOT (p < .001), but
also higher when failures occur (p = .002). These results
replicate gaze data shown in Study 1, but also indicate that
robot failures affect human gaze grounding behaviours. Fail-
ure severity did not affect proportional gaze (p = .886). An
overview of the gaze data is presented in Table 1 and Fig. 13.

A repeated measures two-way ANOVA on conversational
turns showed no significant main effect: F(1,39) = .086, p =
.771, η2 = .002 across embodiment and neither on failure
severity: F(1,39) = .398, p = .532, η2 = .010 (Fig. 14).

Similarly, a repeated measures two-way ANOVA on the
number of clarification questions showed no significantmain
effect: F(1,39) = .023, p = .881, η2 = .001 across embod-
iment. No significant effects were found failure severity
either: F(1,39) = 3.384, p = .073, η2 = .080 (Fig. 15).

Applying a two-way ANOVA on embodiment and sever-
ity, we observed that the manipulation of time pressure
caused a significant effect on the interaction time: F(1,39)
= 12.720; p = .001; η2 = .246. Bonferroni corrected pair-
wise tests revealed that participants spent less time in the high
severity condition (352.0 s, SD = 13.4) than in the low sever-
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Table 1 Results from a three-way mixed ANOVA on the users’ gaze data with 2 within factors (embodiment and failure) and 1 between factor
(severity)

Measure [Embodiment] [Failure] [Embodiment * severity] [Failure * severity] [Embodiment * failure]

df (1,40) (1,40) (1,40) (1,40) (1,40)

F 40.677 10.985 1.049 .296 2.046

p value < .001 .002 .312 .590 .160

η2 .504 .215 .026 .007 .049

Significant differences indicated in bold

Fig. 17 Number of acknowledgements after agent instructions. In both
embodimentswhen robots failed, subjects showed a significant decrease
in acknowledgement behaviour

Fig. 18 Accumulated head movement across embodiment between
agent instructions. Error bars indicate standard error of the mean

ity condition (419.2 s, SD = 13.1) (p = .001); participants
were indeed rushing to finish faster the task, indicating our
failure severity manipulation caused by time pressure was
successful. No significant effect was found across embodi-
ment (p = .166) (Fig. 16).

A comparison across conditions in user acknowledge-
ments with three-way mixed ANOVA tests revealed signifi-
cant differences among the factor of failure, F(1,42) = 7.409,
p = .009. Post-hoc pairwise tests with Bonferroni correc-
tion indicated that subjects uttered more acknowledgements
when no failures occurred (1.4, STDERR = .24), while they
hesitated to utter acknowledgements when failures occurred
(0.9, STDERR = .12) (p = .009) (Fig. 17). No significant
differences were found among embodiment (p = .304) or
among failure severity (p = .521).

Finally, a three-way mixed ANOVA showed a significant
main effect on subjects’ head movement on the factor of
failures, F(1,40) = 14.934, p < .001. When robots failed,
subjects hesitated to take actions and moved less (1.22m,

STDERR = .06) in contrast to no failures (1.4 m, STDERR
= .05) (p < .001). An interaction effect was also observed
among failure and failure severity, F(1,40) = 24.540, p <

.001 (Fig. 18). No effects of embodiment (p = .776) were
significant.

6 Discussion

6.1 Common ground

In two experiments with human subjects interacting with
conversational interfaces, we found variability in human
grounding behaviours to robot instructions when embodi-
ment and robot failures were manipulated. In each instruc-
tion, the agents posed instructions which would remain
ungrounded until subjects have complied to the agent’s
request. Behavioural responses weremeasured with a variety
of multimodal features. Whether subjects accepted the agent
message (represented in acknowledgements), asked for clari-
fication, or comply to the request (represented inmovement),
seemed to be dependent on the agent embodiment or the
failure of the agent to provide a reliable and well grounded
instruction.

Utilising a referential communication task meant that dis-
course between humans and the agents would be based on
referent objects and how to establish their referential identi-
ties. This constrained nature of the task allowed us to keep
consistency in robot and human behaviour across conditions
and across studies. How subjects attributed their attention to
the agents, or acknowledge they have received theirmessages
also seems to be dependent on their intrinsic motivation to
complete the task, manipulated with time pressure in Study
2. Sometimes a message may be accepted with an acknowl-
edgement (with back-channel responses), or with continuous
attention [19]. In task-oriented dialogues however, successful
completion of the task is strong evidence of understanding,
even with the absence of these social signals [20,21].

Further in this section, we address these topics based on
the research questions formulated in the beginning of this
article. In particularwe discussRQ1 in Sect. 6.2 on how robot
embodiment affected mutual understanding and questions
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RQ2a and RQ2b in Sect. 6.3 on the effects of conversational
failures in grounding behaviours.

6.2 Robot embodiment

The agentswe compared, represent different levels of embod-
iment in conversational agents. Dialogue with the gaze
ROBOT condition in Study 1 was longer in conversational
turns in comparison to the less anthropomorphic6 SS. It is
interesting to mention however, that most participants were
more familiar with smart speakers than they were with social
robots, which could indicate a novelty effect while interact-
ing with the agent. Social robots are at time of writing still
emerging platforms and not as common and commercially
available, as smart speakers are. In both studies, behavioural
data indicate that users do change their behaviour with a
human-like robot, as shown in their increased proportional
gaze towards the robot and conversational styles. Intuitively,
participants are unaware of their increasedmeasures of atten-
tion, yet they still exhibit reactive communication traits
typically seen in human-human grounded communication.

In Study 1, we expected to find no differences in ground-
ing behaviour between SS and ROBOT (NG) [H2]. Our
assumption was that anthropomorphic face features, without
non-verbal behaviours would not be enough to create more
socially contingent interactions than SS: it is a combination
of the two features that facilitate the notion of mutual under-
standing with users. In line with our initial expectations, we
did not observe any statistical differences in eye gaze, conver-
sational turns and interaction time when comparing SS with
ROBOT (NG).However, we had some conflicting results that
contradicts this initial expectation. Favouring both ROBOT
embodiments, a statistically significant difference in the aver-
age number of acknowledgements was found, indicating that
an anthropomorphic agent stimulates face-to-face grounding
behaviour to a greater extent when compared to a less anthro-
pomorphic one, even without non-verbal behaviours.

Looking at the accumulated head movement, the ROBOT
(NG) agent stimulated significantly less head movements in
participantswhen compared to both theROBOTandSS [H3],
indicating that a lack of gaze behaviours in combination with
an anthropomorphic body can actually be counterproduc-
tive to stimulate non-verbal grounding behaviours as well. It
appears that a human-like design is not enough to fully estab-
lish common ground with humans; human-like coordination
maybe expected aswell [27],when anthropomorphic designs
are manifested. Our assumption is that the gaze ROBOT

6 Any conversational interface is more or less anthropomorphic when
interactingwith speech.While anthropomorphism is not a binary degree
of human-likeness, we maintain in this paper the notion of human-
likeness mainly in physical characteristics, and assert that the social
robot in these studies is more anthropomorphic than the smart speaker.

has joint attention afforded as an embodied phenomenon in
its actions, giving the impression it is aware on the situat-
edness of the task. Conversational interfaces come without
an instruction manual, as Kiesler suggests [45], with little
time for learning what the agent can do. Its appearance and
behaviour will create expectations over its capabilities and
intentions [H1].

Eye-gaze here is therefore attributed as a social function
where it regulates turn-taking, closer to howhumans dowhen
they interact with each other by showing the speaker they are
still attending. Smart speakers, while embodied, do not facil-
itate the same grounding mechanisms as social robots with
non-verbal behaviour, likely due to the lack of eye-gaze and
other non-verbal behaviours. While social robots resemble
human face-to-face conversations, smart speakers approach
human conversational dynamics with reduced channels of
communication, similar to computer-mediated communica-
tion [13,21,36], or conversations over the phone.

Despite the grounding benefits seen in human-like agents,
there is controversy if they add interaction value in all task-
oriented dialogues. In some tasks, users may prefer guidance
without social and non-verbal signals. This may explain
expressed feelings of preference over the lack of social cues
from smart speakers, observed in participants’ reports:

“I preferred the [ROBOT] as it instructedmeas a human
does.. But I think the [SS] is best when you just want
things done, and have minimum interaction..”
“The [SS] is the least intrusive I would say, if just cook-
ing, I would prefer this one.. Social robots may be good
for someone who seeks interaction or for children.”

6.3 Robot failures

In Study 2, we compared two robot embodiments in differ-
ent types of failure and failure severity situations to examine
grounding behaviours with conversational agents. We did
find differences in users’ gaze reactions to failures; partic-
ipants looked at the ROBOT longer during instructions, as in
Study 1, however when failures occurred, gaze to ROBOT
was further increased in comparison to SS [H4]. Intuitively,
the turn-taking gaze mechanism might be invoking in sub-
jects an attempt to establish grounding via attention in cases
of failure. It was also apparent that subjects looked at the
agent in Study 1 when they required more information. In
Study 2 they did so as well, but they also gazed towards the
agent when there was a failure that needed to be resolved.

User acknowledgements followed the reverse trend in fail-
ures, as participants acknowledged the agents’ instructions
to a higher extent, when no failures occurred. No significant
interaction effect with failure severity was found either with
gaze or user acknowledgements [H5]. It is important to note
that acknowledgements are also subject dependent. Some
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subjects tend to use verbalised acknowledgement mecha-
nisms while others only display understanding through task
actions. This was more apparent as acknowledgements also
existed when failures occurred. Subjects gave acknowledge-
ments even when they were not able to satisfy the requested
action (i.e. in the process of identifying a non-existing ingre-
dient). Additionally, we did not see significant differences in
Study 2 on conversational turns or the number of clarification
questions among embodiment. This may have been skewed
in the attempts to establish mutual understanding after con-
tinuous conversational failures that did not exist in Study 1.

Moreover, in low failure severity interactions, we found
significantly less head movement when failures occurred,
as participants might have gotten confused by the agent’s
behaviour in both embodiment conditions and therefore
focusing less in the task. In high severity, participants were
not affected by failures as much and relentlessly continued
attempting to complete the task equally in both embodiment
conditions, even if instructions still remained ungrounded.
Overall, high failure severity participants had less movement
in their actions, performing more fast and precise actions
to finish the task as quickly as possible. Low severity par-
ticipants however did show hesitation in their movement,
indicating they spend more time to resolve misunderstand-
ing before moving on to the task [H6].

It is possible the system in high severity failures might
have distracted the user from the task bydisplaying additional
social behaviours [42], as more attention needed to be given
to the system. In such cases, users may want to get the task
done as quickly as possible, and potentially get frustrated
when having to speak longer than necessary:

“The [ROBOT] had a human face and was a bit more
distracting than the smart speaker. It was easier to focus
on the task with [SS].”
“The [ROBOT] was much more distracting than just
listening to the instructions.”

7 Conclusion

In this paper, we discussed how grounding behaviours
are shaped when empirically controlling for embodiment
and failure parameters on guided tasks with conversational
agents. This is particularly important to applications in
which socially interactive agents engage in a variety of
tasks, and depending on the nature of the task, agents may
benefit frommore anthropomorphic embodiments in the pro-
cess of grounding. Failures in interactions with humans are
inevitable, and there is already a research focus on how
to avoid misunderstandings by improving systems’ sensory
equipment as well as language understanding capabilities.
We can see however in our findings that other parameters

such as the agent’s physical appearance also contribute in
what behavioural responses the system should attend to in its
continuous efforts to maintain mutual understanding. Future
robots should inevitably be human-centred but not always
human-like.

Tying these findings to the agents’ differences in embodi-
ment is of course one possible interpretation. To understand
which of the variables contributed to the general behavioural
differenceswith the robot,we concluded thatwhile an anthro-
pomorphic physical embodiment increases subjects’ gaze
and speech features, agent non-verbal behaviours are also
expected when human-like embodiments are manifested.
We also saw that subjects’ social behaviours are not com-
ing solely from the chosen dialogue and speech synthesis,
but rather from simulating visual attention (joint attention +
mutual gaze) with a more anthropomorphic embodiment.

It is also important to mention that while in Study 2
conversational failures appeared by design, misunderstand-
ings also happened when no failure was designed to take
place, and similarly in Study 1. Misunderstandings are
interactional phenomena, therefore uncertainty, clarification
requests and repairs will occur even in perfectly executed
and non-ambiguous instructions. In the studies presented we
attempted to resolve such misunderstandings by designing a
simple task-based clarification request mechanism, yet a lot
of user uncertainty may have been nevertheless unresolved.

Future research should be conducted in different HRI and
task-oriented settings, to investigate variability in the nature
of the task and failures and its relation to social engage-
ment between humans and agents. In sum, situation aware
social robots hold a good interaction paradigm for enabling
improved social interactions with users. Focus should be
given on how these findings can be best applied to designing
robots for guided tasks that will inevitably have to deal with
failures and uncertainty in interactions with humans.
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