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ABSTRACT The aim of this paper is to provide a survey on the perception of robot intelligence. After a
general overview, the paper specifically focuses on how perceived intelligence varies either between before
and after the experiment (‘‘pre-test–post-test variation’’), and in subsequent sessions due to habituation. After
reviewing the main characteristics of autonomous agents and robots that have been shown in the literature
to influence the perception of robot intelligence, papers focusing on the variation in time of perceived
intelligence are analyzed in detail. Even if no unanimous conclusion was reached in the literature, evidence
suggests that, in general, when a significant variation is detected, perceived intelligence tends to increase
from pre-test to post-test evaluations when commercial or more recent robot platforms are used, while it
tends to decrease in the case of custom-made or less recent robots. On the other hand, when a significant
variation is detected, perceived intelligence seems to increase due to habituation.

INDEX TERMS Habituation, human–robot interaction, perceived intelligence, pre-test–post-test variation.

I. INTRODUCTION
The field of human-robot interaction (HRI) has rapidly
developed during past years, with the aim of providing robots
with hardware, software, sensors and algorithms that can
ensure comfortable, reliable and transparent communication
with humans (see, e.g., [1], [2], [3]). The applications of
HRI span several domains, such as manufacturing [4], service
robotics [5], [6] and agriculture [7]. At the same time, many
different aspects of HRI have been studied, such as safety [8],
trust [9], perceived safety [10] and communication [11].
An important aspect of HRI is perceived intelligence, i.e.,

the subjective evaluation formed by human subjects regarding
the cognitive abilities exhibited by the robot. High levels
of perceived intelligence, which usually correspond to high
levels of trust, are important to make robots accepted by
potential users. Perceived intelligence has been studied not
only for robots, but for a wider category of intelligent agents,
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such as chatbots and smartphones. In [12] it is mentioned
that, if an agent is perceived as more intelligent, its perceived
usefulness increases [13], together with the trust towards
it [14].

If perceived intelligence influences perceived usefulness
and trust, it is in turn influenced by different factors,
as studied in [15], [16], [17], and [18]. According to the
categorization in [12], the perceived intelligence of an agent
increases with the following characteristics:

• Autonomy: the extent to which an agent can operate in
an independent and goal-directed way without human
intervention.

• Adaptability: the ability to improve the match between
its functioning and the environment.

• Reactivity: the capacity to react to changes in the
environment.

• Multifunctionality: the ability of a single agent to
execute multiple functions.

• Cooperativeness: the capability to cooperate with other
agents to achieve a common goal.
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• Human-like interaction: the degree to which an agent
communicates and interacts with humans in a natural,
human-like fashion.

• Personality: the ability to show the properties of a
credible character.

In addition to the above-mentioned general results, the
factors that influence perceived intelligence were also studied
specifically for robots. To the best of the authors’ awareness
of the literature, perceived intelligence is positively influ-
enced by the following factors:

• Task Performance: Robots that effectively solve the
assigned tasks tend to be seen as more intelligent. This
concept is related to the concept of trust, i.e., how much
a user can be confident that the robot will successfully
complete an assigned task [19], [20].

• Transparency: The task assigned to the robot is not
always clearly specified to the human, and this influ-
ences how a user assesses task performance. Therefore,
providing comprehensive information regarding the
robot behavior before or during the interaction [21]
typically makes the robot more understandable and
trustworthy for humans. It is worth mentioning that the
term ‘‘transparency’’, in the field of artificial intelli-
gence (AI), is related to the concepts of interpretability
[22] and explainability [23] of AI processes, methods
and functions. These capabilities of AI systems enable
humans to grasp the decision-making processes behind
their complex models [24].

• Animacy: This concept refers to the ability of the robot to
be (quoting from [25]) ‘‘perceived as entity that exhibits
lifelike traits or has a lifelike appearance’’ [25], [26],
[27]. Indeed, ‘‘being alive is one of the major criteria
that distinguish human beings from machines, but since
robots exhibit movement and intentional behaviour, it is
not obvious how human beings perceive them’’ [28]. The
link with perceived intelligence is given by the fact that
intelligence is instinctively attributed by humans to other
living beings.

• Appearance and Anthropomorphism: Human beings
are used to expect other human beings to be more
intelligent than, for example, animals or machines. As
also mentioned in [29], ‘‘people expect a humanoid
robot to interact with a human-level of intelligence,
whereas a robotic dog is expected to have the lower-
level of intelligence of a dog’’. Therefore, a higher
level of intelligence is typically assigned to robots that
appear more human-like [25], [26], [30], [31], [32],
[33]. Indeed, anthropomorphism (i.e., the tendency to
attribute human-like qualities to non-human entities)
and perceived intelligence are known to be positively
correlated [34].

• Human-Like Gestures: If the robot makes gestures
typically associated with human beings, then it is often
evaluated as more intelligent [35], [36]. This result is
related to that observed for anthropomorphism, although

in this case the robot motion, rather than its appearance,
is taken into account.

• Social Interaction and Voice: Finally, as mentioned
in [37], robots are perceived as more intelli-
gent if they can recognize, adapt to, and predict
human behaviors. In case a robot can speak, voice
tone and speed of talking also influence perceived
intelligence [36], [38], [39], [40].

Thousands of papers were written in recent years in which
the perceived intelligence of robots was assessed, but,
to the best of the author’s knowledge, no review papers
were written to summarize these results. Therefore, after
having surveyed the main characteristics related to perceived
intelligence in the previous part of this introduction, the
main contribution of this review relies on understanding how
perceived intelligence changes, either (i) between before and
after interacting with a robot, or (ii) as a result of multiple
interactions with it. A better understanding of this aspect
can be instrumental to design robotic systems that are still
perceived as trustworthy and useful after interacting with
them. To refer to case (i), the term pre-test–post-test variation
will be employed, implying that the variation concerns
perceived intelligence. The term ‘‘pre-test–post-test’’ has
been used in different research fields (e.g., education [41] and
medicine [42]) to refer to the measurement of a dependent
variable before and after an experimental procedure. In this
paper, the term ‘‘pre-test–post-test variation’’ refers to the
difference between the expected robot intelligence (typically
based on either robot appearance or task description, or both)
and its perception after interacting with the robot. In case
(ii),the term habituation is used. This concept has already
been studied in HRI to understand the effects of human
participants becoming accustomed to interacting with robots
(see, e.g., [43], [44]). Regardless of its specific contextu-
alization in HRI, habituation was first defined in the field
of neurobiology as ‘‘a behavioral response decrement that
results from repeated stimulation and that does not involve
sensory adaptation/sensory fatigue or motor fatigue’’ [45].

The remainder of the paper is structured as follows:
Section II describes general aspects of the surveyed papers,
such as the methods (questionnaires) used for perceived
intelligence assessment and a description of the robots
used in the experiments. Section III reports a brief survey
of existing papers, with the objective of understanding
how either pre-test–post-test variation or the effect of
habituation was studied in relation to perceived intelligence.
Section IV provides a discussion of the results obtained in
the surveyed papers, with the aim of detecting general trends
in the variation of perceived intelligence. Finally, thoughts
regarding future research are briefly reported in Section V.

II. OVERVIEW OF THE SURVEYED PAPERS
The publications studying the variation of perceived intel-
ligence analyzed in this survey correspond to [46], [47],
[48], [49], [50], [51], [52], [53], [54], [55], [56], [57],
[58], [59], [60], [61], [62], [63], [64], [65], [66], [67], [68],
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[69], and [70], listed in chronological order, which will be
analyzed in detail in the remainder of the paper. In [46], [47],
[55], [59], [61], [62], [63], [65], [67], and [69] perceived
intelligence was rated after each of multiple experimental
sessions, possibly assessing the effect of habituation. In [48],
[49], [50], [51], [52], [53], [56], [57], [58], [66], [68],
and [70], instead, authors concentrated on pre-test–post-test
variation. Articles [54], [60], [64] focused on both topics.
In the remainder of this section, we provide information on
(A) how perceived intelligence was assessed, (B) what robots
were used for the experiments, and (C) how the chosen papers
were selected.

A. ASSESSMENT METHODS FOR PERCEIVED
INTELLIGENCE
Since its introduction in 2009 by Bartneck et al., the
Godspeed questionnaire [28] has been the most commonly
used assessment method to measure perceived intelligence
– among other characteristics – of robots. The ideas at
the basis of this questionnaire were derived from Warner
and Sugarman’s intellectual evaluation scale [71]. Specif-
ically, the perceived intelligence scale consists of the
evaluation of the following robot capabilities in the form
of five-point semantic differential scales with Likert type
scaling: incompetent-competent, ignorant-knowledgeable,
irresponsible-responsible, unintelligent-intelligent, foolish-
sensible. It is worth mentioning that Bartneck and co-authors
had already mentioned the use of a robot intellectual
evaluation scale, excluding the incompetent-competent item,
prior to [28], and precisely in [25], [26], [72], [73], and [74].
The Godspeed questionnaire was used in [48], [49], [50],
[51], [53], [54], [57], [58], [59], [61], [62], [63], [65], and
[66]. It is also pertinent to note that this questionnaire was
analyzed by several researchers and some inconsistencies
were found [34], [75], [76]. More specifically, the rates of
anthropomorphism, animacy, likeability, and perceived intel-
ligence were closely correlated, showing inappropriateness
in use as distinct concepts for evaluation [34]. However, the
internal reliability of perceived intelligence rating was overall
high.

A concept that can be considered as practically equivalent
to perceived intelligence is that of competence of a robot,
as perceived by human subjects. Indeed, incompetent-
competent is one of the Godspeed questionnaire items, and
the term perceived intelligence will be used in the remainder
of the paper to refer to the concept of competence as well.
Competence is used as a general category in the Robotic
Social Attributes Scale (RoSAS) [76] and is further split into
the evaluation, via a Likert scale, of how well the following
adjectives (items) describe the robot: reliable, competent,
knowledgeable, interactive, responsive and capable. Specifi-
cally, competence according to the RoSAS questionnaire was
studied in [55], [56], [60], [64], and [70].

Ad-hoc questionnaires were also employed. A ques-
tionnaire that, similarly to RoSAS, evaluated competence,
was used in [47], by assessing (again via a Likert scale)

the perception of the following robot qualities: intelligent,
organized, expert and thorough. The other questionnaire
with the competence rate was used in [68] where 5 items
competent, confident, independent, competitive, intelligent,
provided by [77], were rated with a 7-point Likert scale.
A partial version of the perceived intelligence evaluation
in the Godspeed questionnaire was instead used in [52],
including only the following items: unintelligent-intelligent,
incompetent-competent. In [46], participants were asked the
following questions: ‘‘How intelligently did the robot respond
to your directions in each trial?’’ and ‘‘In which trial did the
robot behave the most intelligently?’’. These two questions
were rated on a Likert scale from 1 (‘‘very intelligent’’) to 5
(‘‘not at all intelligent’’). Finally, in [69], a 5-point semantic
differential scale questionnaire was used with the following
question: ‘‘Please rate your impression of the robot on these
scales:‘‘ from ‘‘non-intelligent’’ to ‘‘intelligent’’.

B. ROBOTS USED IN THE EXPERIMENTS
The most commonly used types of robots in the analyzed
works were humanoid robots: Nao in [49], [51], [53],
and [62], Pepper in [58], [63], and [66], the 3D blended
embodiment Furhat in [56], [60], and [64], the JAMES
robot bartender system (iCat with torso and arms) in [48],
[51], and [52], the humanoid robot Rapiro in [65] and Ray
(RoboThespian 4) in [68], a female version of the Android
Actroid-F in [50], Emys in [57] and Robi in [54]. A robot
prototype with the moving base and the screen on the top was
utilized in [70]. The combination of humanoid and mobile
robots was studied in [59] with Nao and Roomba, in [46] with
four appearance configurations of PeopleBot, and in [67] with
QTrobot and Mistry robot. The collaborative manipulators
KUKA LBR iiwa 7 R800, Universal Robots UR5 and Kinova
Gen3 were used in [55], [61], and [69], respectively. Finally,
the two virtual agents IVA Vince (robot-like) and IVA Billie
(human-like) were compared in [47].

C. RESEARCH METHOD
In order to select the papers for this survey, we first
used different search engines (Google Scholar, IEEEX-
plore, ScienceDirect, Scopus) for the keywords ‘‘robot’’
AND (‘‘perceived intelligence’’ OR (‘‘competence’’ AND
‘‘RoSAS’’)) AND (‘‘pre- and post-’’ OR ‘‘pre-test–post-
test’’ OR ‘‘habituation’’ OR ‘‘longitudinal’’ OR ‘‘novelty
effect’’ OR ‘‘ordering effect’’). Indeed, the term competence
is often used with different meanings outside the RoSAS
questionnaire, and terms such as longitudinal study, novelty
effect and ordering effect were often used to indicate a study
of habituation, even when the term ‘‘habituation’’ was not
explicitly mentioned. In addition to the publications found
with this method, we also considered works cited in them that
were potentially relevant. Overall, this led to approximately
400 papers. These were further screened by eliminating those
entries which did not satisfy the following requirements:

• The work is published in English language either as an
international journal papers, in the proceedings of an
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FIGURE 1. Flow diagram of the literature search and screening process.

international conference or as a book
chapter.

• Experiments are run in which human participants
interact with a robot (either real or, in few cases, virtual),
and perceived intelligence is evaluated using a suitable
questionnaire.

• Either pre-test–post-test variation or the change in
perceived intelligence over multiple sessions is assessed
and presented in the results.

After this screening, the above-mentioned 25 works [46],
[47], [48], [49], [50], [51], [52], [53], [54], [55], [56], [57],
[58], [59], [60], [61], [62], [63], [64], [65], [66], [67], [68],
[69], [70] were obtained. The flow chart of the searching and
screening process is shown in Fig. 1.

III. ANALYSIS OF THE SURVEYED PAPERS
In this section we provide a description of the surveyed
papers in chronological order, by focusing either on pre-test–
post-test variation or on the connection between habituation
and perceived intelligence, both in the description of the
experiments and in the interpretation of the questionnaire
results by the authors. Additional experimental tasks and/or
questionnaires not related to perceived intelligence aremostly
not reported, to focus on the survey topic. It is worth noticing
that in [46], [53], [58], [60], [61], [63], [64], [65], and [68] the
so-calledWizard of Oz approach [78] was used, meaning that
these robots were partially controlled by a human operator
without participants being aware of it.

Perceived robot intelligence was rated in [46] by having
participants play the so-called ‘‘hot and cold game’’ with a
robot. In this game, the robot searched for an object randomly
chosen by the participant in a room, while the participant
guided the robot by saying ‘‘hot’’ or ‘‘cold’’, respectively,
if it was either close or far from the object. The experiment
consisted of three rounds, in which the robot would always
avoid obstacles in the room: during the first and third rounds
the robot reacted to human words by changing its motion
direction on the word ‘‘cold’’; in the second round, instead,
it moved randomly across the roomwithout reacting to human
words. Brief contact sessions and a relatively small number
of participants were identified by the authors as the main
limitations of their work. The results of the questionnaire
showed that the robot was rated as more intelligent during
the third round of the trial, whereas the lowest marks
were given in the second round. This work did not assess
habituation by studying the variation of perceived intelligence
while the same robot behavior was observed; therefore, it is
not possible to conclude if habituation had a positive or
negative effect on the perception of intelligence. However,
the different evaluation of the same robot behavior in rounds
one and three seems to indicate that perceived intelligence
is influenced by what participants experienced immediately
before the round. More specifically, an improvement of the
actual robot intelligence led to a positive bias in its perception.

In [47], each participant interacted with one of two
virtual agents: a human-like agent with child voice named
Billie and a robot-like one with machine voice named
Vince; each of them, throughout the whole experiment
for a single participant, would either make gestures when
speaking (co-speech gestures), or not (the type of agent and
the presence/absence of gestures were randomly assigned).
The virtual agent performed a self-introduction and asked the
participant to answer a questionnaire about perceived level of
competence. After filling the questionnaire, the participant
watched a presentation given by the virtual agent, before
evaluating competence once more. For both agents it was
observed that, on average, competence rates improved in the
second questionnaire when the use of co-speech gestures
was present, and worsened when it was absent. Although the
robot behavior between the first session (introduction) and
the second session (presentation) was different, to the best
of our understanding this behavior did not display a varying
level of intelligence. Therefore, the variation of perceived
intelligence can be attributed to habituation, differently
from [46], in which the robot behavior was purposefully
changed to be less intelligent in the second session. The
authors of [47] stated that a limitation of their study is the
fact that it did not consider the influence of other elements,
such as the agent’s voice or other nonverbal cues.

The research described in [48] assessed how participants
rated the intelligence of a bartender robot that served
them drinks by following different behaviors, with different
levels of social interaction, and with different duration of
the experiment. The rating was obtained both before and
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after the experiment. Participants filled the pre-experiment
questionnaire after being told they would interact with a
bartender robot, but this had not been shown to them yet.
Regardless of the employed behavior, it was concluded that:
(i) the users’ expectations about robot intelligence were
higher than the perceived intelligence rate obtained after
interaction (although the significance of the related test was
not studied), and (ii) the duration of the session had a
positive impact on perceived intelligence, as evaluated after
the experiment.

In [49], the Nao robot was standing in front of the partic-
ipant and speaking several sentences that were, in different
sessions for the same human subject, possibly accompanied
by gestures and/or eye contact. Participants were tasked to
remember the messages communicated by the robot and to
repeat them at the end of the session. Perceived intelligence
was evaluated both before the experiment (after providing a
rather detailed description of the upcoming activity) and after
each of the four sessions that composed it. In conclusion,
no significant variation of perceived intelligence was detected
between pre- and post-experiment questionnaires.

Human perception and trust towards a lifelike android
robot were studied in [50], in which the robot engaged
the participants in a small conversation, and asked them
to carry out simple tasks, such as moving a small box on
a table and touching its hand. The perceived intelligence
rating was significantly lower after interacting with the
robot compared to the pre-experimental questionnaire (before
filling it, participants were shown pictures of the robot).

A multi-party social interaction was the focus of [51],
in which a Nao bartender robot interacted with two users
by talking to them and serving them drinks. The experiment
consisted of four sessions in which learning-based and hand-
coded algorithms were used two times each. Perceived
intelligence was evaluated both before the experiment and
at the end of all four sessions. The users rated the robot
as significantly more intelligent before the experiment
compared to the assessment obtained after four interactions.
This result was explained by the authors with the limited task
domain supported by the robot. Indeed, ‘‘although in real
bar situations, it seems perfectly reasonable to assume that a
customer can order without the bartender explicitly asking,
in this more artificial human-robot interaction setting, this
strategy might have been too confusing, resulting in the lower
scores presented above’’ [51].
The authors of [52] extended their research [48] by

proposing an uncertainty-aware algorithm to determine the
actions of their bartender robot in a similar context as that
of [48]. In spite of the more complex algorithm, pre-test–
post-test results confirmed the results of [48], i.e., perceived
intelligence decreased post-test (although this difference
was not significant); this was true for all participants with
and without prior experience with the same experimental
setup. The authors concluded that ‘‘people’s expectations
of a robot’s interactive capabilities tend to outstrip their

actual experience of interacting with it, even when they have
previous experience with the same robot’’ [52].

The authors of the study conducted in [53] investigated
how varying levels of social verification in robot behavior
influenced human perceptions of the robot. They examined
two primary behaviors: ‘‘idle,’’ representing a low level of
social verification, and ‘‘meaningful,’’ representing a high
level. Amotionless robot was always presented first as a base-
line condition. Subjects were randomly assigned to one of the
social verification conditions. In these conditions, the robot
directed participants on which item to take from a box and
where to place it, using one of the specified behaviors. Each
condition included three different robot motions, with one
experimental set comprising four tasks in total. There were
four experimental sets overall. After completing each set,
participants filled out a questionnaire. Results showed that
the robot was perceived as more intelligent when performing
in the ‘‘meaningful’’ condition compared to the ‘‘idle’’
condition. Furthermore, the study found a significant increase
in perceived intelligence from the baseline to the subsequent
three motions in the ‘‘meaningful’’ condition, whereas the
‘‘idle’’ condition showed no significant differences.

In [54], human subjects engaged in pairs – either actively
or passively – in conversations with a small humanoid robot
over two sessions. Perceived intelligence was assessed before
starting the experiment, after the first session (in which its
average rating underwent a marginally significant decrease
compared to the pre-experiment questionnaire) and after the
second session (in which its rating increased, though not
significantly, with respect to the first session but without
reaching the pre-experiment level). According to the authors,
the lowering in perceived intelligence after the first session
‘‘could be attributed to the experimental setting’’, as ‘‘people
were instructed to interact with the robot in a fixed protocol’’
that limited the complexity of the interaction compared to
their initial expectations. Also, the authors observed that for
the android robot in [50] there was a sharper drop of perceived
intelligence as compared to the humanoid robot of [54];
the provided explanation was that the experiments in [50]
were probably influenced by the so-called uncanny valley
effect [79], which made humans dislike the android (and, in
this case, also rating it as less intelligent) after interacting
with it. Among the limitations of [54], the authors listed the
cultural background of the participants, laboratory conditions
and social desirability bias.

When evaluating human-to-robot handovers, the authors
of [55] varied three factors – initial position, retraction speed,
and grasp type – for a total of 8 conditions per user. The
expectations about the results of competence levels among
grasp types were not met by the researchers. The results
showed significantly higher rates of competence for one
type of grasp (namely, ‘‘quick grasp’’) compared to another
type (‘‘mating grasp’’). Regardless of the obtained results
relating competence to three factors, the authors examined
whether the participants’ perception changed over the course
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of repeated handover interactions with the robot, concluding
that there was no significant trend in competence variation.

In [56], participants were gradually exposed to the
motionless 3D blended embodiment Furhat (consisting of a
robotic head) with different variations in terms of human-
likeness. There were three stages of interaction: in what can
be considered as a pre-session experience, the participants
only observed the robot when this was motionless, just
blinking the eyes; then, the robot introduced itself by
speaking without reacting to the participant’s actions; finally,
the robot interacted with the participant by playing a game
involving a conversation. While there was no significant
difference in robot competence ratings between the pre-
session experience and the case when the robot was only
speaking, there was a significant difference in perceived
competence between the last stage compared to the case when
the robot was only speaking, with this difference being more
pronounced when the more human-like variants of the face
were used. This confirms the foreseeable expectation that
‘‘the more participants are exposed to the robot’s capabilities,
the more competent they perceive it’’ [56]. Also, the pre-test-
post-test variation was found to be either not significant or
significantly increasing depending on the complexity of the
robot behavior. Indeed, a more complex type of interaction
led to a significant increase of competence compared to its
pre-session evaluation.

In [57], the authors explored the impact of varying levels of
robot assertiveness on decision-making processes and human
perceptions within persuasive HRI. Participants, assuming
the role of a country leader during wartime, crafted a
narrative while receiving counsel from two identical-looking
robots, Emys and Glin. The experimental setup involved
two conditions: both robots behaving neutrally, or exhibiting
contrasting assertiveness, with Emys showing high assertive-
ness and Glin low assertiveness. Participants assessed their
perceptions of the robots through questionnaires adminis-
tered both before and after the experiment. The findings
indicated no significant changes in perceived intelligence
or competence when the robots displayed different levels
of assertiveness. However, a notable difference in perceived
competence of Glin was observed when both robots behaved
neutrally. The study did not provide specific outcome values
for the neutral condition.

In [58], teams of two participants completed a set of five
one-minute rounds collaborating on a story-making task with
a Pepper robot that was either positive (i.e., joyful) or neutral
in its voice and spoken utterances. An increase of perceived
intelligence ratings between pre- and post-questionnaire was
observed in both cases, but the increase was significant only
in the neutral robot condition. Several limitations were listed
by the authors, including the absence of previous experience
of the majority of the participants interacting with humanoid
robots.

With the aim to evaluate perceived intelligence of a vacuum
cleaner Roomba robot during its interaction with a humanoid
Nao robot, the authors of [59] conducted a within-subject

design study with two conditions: ‘‘interactive’’ and ‘‘no
interactive’’. The difference between these conditions was
in the behavior of the Nao robot: it was either interacting
with the Roomba robot or not. In the ‘‘interacting’’ condition,
the Roomba robot consistently achieved a higher rating of
perceived intelligence by the participants as compared to the
‘‘no-interactive’’ condition. However, there was no ordering
effect for perceived intelligence.

In [60] and [64] participants played a geography-themed
cooperative game with a Furhat robot three times (three to
ten days apart) with a different robot embodiment (human-
like, machine-like and morphed, i.e., a mix of human-like
and machine-like) and had a social face-to-face chat before
and after the game. Data from study [60] showed that the
human-like robot face was perceived as significantly more
competent compared to the morphed face, while the findings
from study [64] additionally suggest significant differences
in competence ratings between human-like and machine-
like embodiments. In both works, no significant changes in
perceived intelligence between pre- and post-questionnaires
were found.

In [61] it was investigated how animal-like character
animation principles (appearance, smooth motion, breathing,
gaze and posture) can enhance perceived intelligence of the
Universal Robots UR5 cobot in a collaborative task. Results
from two user studies suggested that, while appearance,
smooth motion and posture did not have an effect on
cobot’s perceived intelligence, the presence of animal-like
breathing motions as well as gazing behaviour significantly
improved perceived intelligence. However, no correla-
tion was found between these factors and any ordering
effects.

In [62], a Nao robot interacted with participants by
means of spoken sentences and gestures. The interaction
during each of two sessions consisted of ten sentences
pronounced by the robot with their accompanying gestures.
For half of the participants, in the first session the first five
sentences were determined using a pre-programmed method,
while the next five sentences were selected using an ad-
hoc machine-learning-based method developed in the paper;
the reverse order was followed in the second session. For
the other half of the participants, the opposite sequence
of methods was followed through the sessions. While no
significant differences on perceived intelligence were found
regarding the use of different methods, it was determined
that, regardless of the used order of methods, perceived
intelligence significantly increased from the first session to
the second.

The goal of the research reported in [63] was to evaluate
a 5-week mindfulness sessions administered by either a
teleoperated Pepper robot controlled by an experienced
human coach via teleoperation, or by the same human
coach directly. In both cases, no significant differences
were observed in perceived intelligence over time. This was
expected by the authors as the robot behavior and appearance
did not change.
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The focus of the research work [65] was to study
the perception of the fact that a Rapiro robot would
take (or not) the initiative to initiate an interaction with
human participants. Participants interacted in sequence with
both robot conditions: active (the robot was first to greet
participants) and passive (the robot waited for participants to
greet it first), with the order being counterbalanced. Neither
the specific condition (active or passive) nor the order of
execution of the conditions led to any significant result in
terms of variation of perceived intelligence. The limitations
of the conducted research were related to the small sample
size and variety of participants’ cultural backgrounds.

In [66] the study investigated how the implementation
of an overt self-talk system in robots, designed to mimic
human-like inner speech, would influence participants’ trust
and perception. The research included both pre-test and
post-test experiments. Participants were tasked with placing
utensils appropriately on a virtual table according to etiquette
rules, with the robot assisting them. In the experimental
group, the robot not only interacted with the participants but
also engaged in self-talk, while participants in the control
group used only outer speech system. Results indicated
that participants in the experimental group rated the robot’s
perceived intelligence higher after the interaction compared
to those in the control group. The authors anticipated
this overall increase in positive perception following the
interaction with the robot.

The work described in [67] explored how the employees
of a tech company perceived a QTrobot and a Misty robot
as well-being coaches programmed to deliver positive psy-
chology exercises four times over four weeks. No significant
differences in competence ratings were obtained neither
between the two robots, nor between subsequent sessions.

The main objective of the article [68] on robot competence
was to answer the research question: whether watching
positive or negative depictions of robots in the media can
influence human perceptions of a real-life social robot’s abil-
ities. To explore this, the researchers conducted a two-phase
experiment. In the first phase, participants completed an
online pre-session survey to assess their general perceptions
of robots. In the second phase, the same participants took part
in an in-person lab session. During this session, participants
first watched media stimuli and recognized films and robots
from short clips. Then, they observed a conversation between
a robot and an experimenter and answered questions about
the robot’s capabilities. Participants were divided into two
groups. One group watched videos where robots were
depicted as trustworthy, empathetic, warm, and unthreatening
(positive video condition). The other group watched videos
where robots were portrayed as cold, dangerous, threatening,
and untrustworthy (negative video condition). The results
showed no significant differences in perceived competence
between the pre-session and post-session ratings across both
groups. The authors suggested that future research might
include behavioral assessments, implicit measurements, and
longer interaction periods to gain deeper insights.

In [69], a collaborative manipulator executed a pick-and-
place task while sharing its workspace with the human
participant, who executed an independent task. Four different
motion planning algorithms (ensuring human safety accord-
ing to industrial standards) were used in four subsequent
sessions of four minutes each, with their order being coun-
terbalanced. The authors noticed that perceived intelligence
increased significantly from the first session to the second; it
then continued to increase during the next two sessions, but
not significantly.

The study in [70] investigated the effect of robot anthro-
pomorphic features on human perception of service robots.
Two types of robot appearances were tested: human-like
(with a head-screen displaying eyes, a smile, and a nose)
and machine-like (with only a dot on the head-screen). Each
participant interacted with one type of robot. The experiment
followed a specific procedure: participants observed a
motionless robot and then answered a questionnaire (visual
contact only phase), then participants stood in front of
the robot, listened to its speech about its characteristics
and limitations, and then answered another questionnaire
(visual and auditory contact phase), and finally participants
moved along a predetermined course with the robot twice,
answering a questionnaire (navigation phase). The results
showed that the robot was rated significantly higher for
competence after the navigation task compared to both the
visual contact and the combination of visual and auditory
contacts phases. The initial observation phase was considered
a pre-interaction session, leading to the conclusion that
robot competence perception increased after interaction with
the robot. The authors suggested future research directions,
including collecting additional data from participants and
studying how potential errors made by the robot and the
robot’s gender characteristics might affect human perception.

IV. DISCUSSION
A summary of the key points of the surveyed papers
is reported in Table 1. In particular, the table contains
information on authors, year of publication, whether the
paper analyzes the change of perceived intelligence in the
case of pre-test-post-test variation or habituation, the number
of experimental sessions, the number of participants, the type
of employed questionnaire, the possible use of the Wizard of
Oz approach, the obtained p-values related to the statistical
analysis of the experimental data, and the corresponding
conclusions of the significance of the obtained results.

The discussion of these results is provided separately for
pre-test-post-test variation and habituation in the following.
Notice that some papers are mentioned in more than one
category: this is due to the same paper reporting different
results for different sub-parts of the overall experimental
activity described in it.

A. PRE-TEST–POST-TEST VARIATION
The results on pre-test-post-test variation are further summa-
rized in Fig. 2. Paper numbers are reported on the horizontal
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TABLE 1. Main characteristics of the surveyed papers, sorted by year of publication.

axis, whereas the vertical axis indicates if there were
any (marginally) significant perceived intelligence variations

detected, or not. The size of each circle is proportional to the
number of participants, which is indicated inside the circle.
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FIGURE 2. Summary of the variation of perceived intelligence, in different
papers in pre-test–post-test questionnaires.

There are several papers where two results were obtained for
different experimental conditions. For instance, two different
results for different sets of participants were obtained in [58];
as a consequence, the number of subjects for each of the two
cases (38 with neutral robot and 40 with positive robot) was
explicitly indicated in the paper.

No correlation was found between the obtained results
and the number of participants. Between the pre- and the
post-experiment questionnaires, the following results were
reported on perceived intelligence:

• a significant increase in [53], [56], [58], [66], and [70];
• no significant variation in [49], [52], [53], [54], [56],
[57], [58], [60], [64], [66], and [68];

• a significant decrease in [50] and [51].

A decreasing trend was also reported in [48], but, as the
significance of the related test was not studied, this article
is not reported in Fig. 2. In general, it was not possible
to relate any specific characteristics of the robots or of the
tasks to the obtained results. However, it appears that an
increase of robot intelligence rate was observed when more
commercially available research platforms were employed
(the only exception was [70] , in which a robot prototype with
moving base and screen was used). This kind of social robots
are reliable and could be applied in real-world scenarios
(see, e.g. [75], [80], [81], [82]). The interaction with them is
largely predefined based on their appearance and capabilities.
On the other hand, a decrease of perceived intelligence was
observed in the experiments employing custom-built robots
of the specific laboratory [48], [50], [51] .
Furthermore, as the papers in which a significant decrease

of perceived intelligence was detected were published about
ten years ago (in 2012 [47] and in 2014 [50], [51]), whereas
the articles showing a significant increase of perceived intel-
ligence were published more recently. A possible explanation
is that earlier research might have had limited technological
capabilities, whereasmore recent research can take advantage
of advanced capabilities such as autonomous robot behavior,
speech recognition and computer vision.

B. EFFECT OF HABITUATION
A summary of the results on habituation analogous to that
of Fig. 2 is reported in Fig. 3. As in the pre-test-post-test
case, there are several papers where two results were obtained

FIGURE 3. Summary of the variation of perceived intelligence, in different
papers due to habituation.

for different experimental conditions. For instance, out of
the 80 participants of [47], some were randomly assigned
to an agent making gestures (for which an increase was
detected) and some to an agent not making gestures (for
which a decrease was detected); this is the reason for the
presence of two circles, for each of which we assume a size
of approximately 40.

Habituation seemed to cause, regarding perceived
intelligence,

• a significant increase in [47], [62], and [69];
• no significant change in [54], [55], [59], [60], [61], [63],
[64], [65], and [67];

• a significant decrease in [47].

It is worth noticing that paper [46] could not be used to
assess the effect of habituation as, despite running multiple
experimental sessions each followed by a questionnaire, the
robot behavior changed quite dramatically in subsequent
sessions, and the order in which these behaviors were
presented to the users was always the same. In particular,
[46] presented a result on how the variation of perceived
intelligence in subsequent sessions can be influenced by
the previously-observed robot behavior. Specifically, after
observing a non-intelligent robot behavior, participants tend
to evaluate the robot as more intelligent when it behaves
normally, compared to the same evaluation of this normal
behavior without any previous experience; this observation
should be accounted for in future research.

The great majority of surveyed papers showed no signif-
icant changes in perceived intelligence due to habituation.
An increase was observed for a robot or virtual agent
speaking with participants while making gestures in [47] and
[62], and for a collaborative manipulator in [69]. However,
again in [47] the perceived intelligence of the same virtual
agent decreased when the latter was not making gestures.
This can be related to the fact that, as already mentioned
in the introduction, the presence of human-like gestures
in general improves perceived intelligence ratings. Overall,
we can conclude that habituation seems to have, on average,
a positive effect on perceived intelligence. This general result
is also supported by the conclusions of [48] in which, despite
having a single experimental session, it was shown that a
longer duration of the session corresponded to a higher rating
of perceived intelligence.
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A possible explanation of the general trend is that, as the
robot behavior is complex, it is not easy to immediately
infer the rules that determine its actions. Thus, as a better
understanding of the robot behavior is achieved in subsequent
sessions, the perceived intelligence rates also increase.

V. CONCLUSION AND FUTURE WORK
The obtained results seem to point to the decrease of
perceived intelligence between pre- and post-experiment
questionnaires, and to its increase in subsequent sessions
due to habituation. However, these results are in no way
conclusive. Indeed, no study was conducted so far focusing
exclusively on these aspects, which have to be further
investigated. A possibility would be to conduct experiments
with different robots, different a-priori information given
to participants and different tasks, to assess how perceived
intelligence varies depending on transparency, animacy,
human-like appearance and gestures.

In particular, the role of information (i.e., transparency)
surely deserves further investigation. As for pre-test–post-
test variation, one can expect that little information provided
before the experiment on either robot appearance or task
would more likely lead to a change in perceived intelligence
as compared to the case in which a very detailed description is
provided, or (even more) to the case when a video of the task
is shown to the participant before the experiment. Regarding
habituation, we can expect that either little initial information
or a complex robot behavior that has to be understood would
lead to a more significant variation of perceived intelligence,
compared to the case in which participants know all details
of the task beforehand, or in which the robot behavior is very
easy to predict.
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