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Abstract. Despite well-developed cognitive control mechanisms in most adult
healthy humans, attention can still be captured by irrelevant distracting stimuli
occurring in the environment. However, when it comes to artificial agents, such
as humanoid robots, one might assume that its attention is “programmed” to fol-
low a task, thus, being distracted by attention-capturing stimuli would not be ex-
pected. We were interested in whether a behavior that reflects attentional capture
in a humanoid robot would increase its perception as human-like. We imple-
mented human behaviors in a virtual version of iCub robot. Twenty participants’
head movements were recorded, through an inertial sensor, during a solitaire card
game, while a series of distracting videos were presented on a screen in their
peripheral field of view. Eight participants were selected, and their behavioral
reactions (i.e. inertial sensor coordinates, etc.) were extracted and implemented
in the simulator. In Experiment 2, twenty-four new participants were asked to
rate the human-likeness of the avatar movements. We examined whether move-
ment parameters (i.e. angle amplitude, overall time spent on a distractor) influ-
enced participants’ ratings of human-likeness, and if there was any correlation
with sociodemographic factors (i.e. gender, age). Results showed a gender effect
on human-likeness ratings. Thus, we computed a GLM analysis including gender
as a covariate. A main effect of the time of movement was found. We conclude
that humans rely more on temporal then on spatial information when evaluating
properties (specifically, human-likeness) of biological motion of humanoid-
shaped avatars.

Keywords: Human-likeness of robot behavior, Biological Motion, Humanoid
robots.

1 Introduction

In designing artificial agents that are to appear human-like in order to increase per-
ceived naturalness and facilitate social attunement, many researchers address the issue
of creating human-like behavior. Several characteristics have been identified, and one
crucial characteristic is variability [1]: behavioral observations demonstrate that hu-
mans never display exactly the same behavior twice. For example, several studies
demonstrated that subjects tend to adopt unique patterns of kinematic strategies to at-
tend the very same target [2-5]. The recent advent of complex humanoid systems, allow
researchers to implement fragmentized human behaviors in artificial agents, in order to
study in more detail on what type of information humans rely most when evaluating
biological motion. Furthermore, a deeper understanding of human perception of syn-
thetic motion will facilitate, in the future, human-robot interaction [6]. This stems in
part from the fact that humans, when interacting with other mammals [7], easily under-
stand goals, motivation and beliefs behind human-like behaviors [8], also relying on
motion clarity. It is not clear whether artificial motion patterns of a robot would be as
easily understood and predicted. Therefore, it is of high importance to examine what
parameters of robot behavior make it well-understood by the human users. Evidence
from literature pointed out that motion cues might influence social attunement with
artificial agents, enhancing even empathetic and mentalizing processes [9-11]. Starting



with observing and recording human motion, several techniques can be used to transfer
movement parameters to artificial agents [12-14]. However, given the huge variability
of humans’ motion, it is still unclear which components of observed behaviors affect
most the perception of human-likeness. The projection of human motion in simulation
environment might be a suitable method to systematically study these factors.

1.1 Aim of study

The goal of the present study was to investigate how human participants perceive bio-
logical movement displayed by an artificial agent, in terms of human-likeness. We se-
lected an attention-capture scenario, because attention capture seems to be a very hu-
man-like phenomenon. Humans (and several other animal species) have developed
mechanisms to attend relevant events in the environment. The “decision” of the brain
to attend to a given event in the environment is made through a combination of bottom-
up characteristics of the stimulus (e.g., the salience of the stimulus) and internal top-
down factors of the agent (e.g., bias towards emotional stimuli, or towards a particular
sound of, for example, one’s own child’s voice). However, in many cases, the brain
attends stimuli that “capture” attention through their salience, although this disrupts a
given task. Think, for example, of driving. The driver should be focused on the road
ahead of him/her, and on keeping the car in the assumed lane. However, if there is a
very loud distracting sound or bright light flashing in the peripheral vision, the driver
might be distracted by this event, and in consequence, lose focus on the task, potentially
causing an accident. Therefore, although evolutionarily adaptive, the attentional cap-
ture phenomenon can be disruptive for a task. In this context, one might think that arti-
ficial intelligence should be better adapted to successful completion of a given task, and
not allow being distracted by peripheral events that might result in sub-optimal perfor-
mance in a task. We reasoned, that “being distracted” — especially with variable ways
of reacting to the distracting stimuli might be perceived as an essentially human-like
feature. We therefore set out to test if equipping a humanoid robot with behaviors re-
flecting attentional capture would make it perceived as human-like, and which particu-
lar aspects of the behavior would be crucial for attributions of human-likeness. To this
aim, we recorded human head- and eye movements during an attentional capture para-
digm. The recorded behaviors were filtered, and eight different movement profiles were
implemented on an iCub [15] simulator. Then, a group of participants was asked to rate
the human-likeness of the movements of the simulator.

2 Materials and Methods

2.1  Attentional capture with humans

Selection of Distracting Stimuli. Sixty HD quality video were selected from YouTube
according to the following criteria: (1) presence of a single salient sound in the whole
sequence (i.e. a phone ring, a woman laugh, a door slam, etc.); (2) absence of inappro-
priate contents (i.e. politic, racism, sexism, etc.); (3) more than 100 M views. Selected
videos were edited using Apple Final Cut Pro [16], in order to make all of them last for



the same amount of time (twenty seconds). Fifty-five anonymous Italian participants
were asked to rate the emotional content of the videos through an online platform
(soscisurvey.de, [17]), using a ten-point Likert scale (O = not emotional at all; 10 =
strongly emotional). One subgroup (n = 26) was asked to rate only the audio tracks of
the videos. The other subgroup (n = 30) was asked to rate both the audio and the visual
component of the videos. After collecting the data, ratings of the two groups were com-
pared. Four of the sixty initial stimuli were excluded because of the inconsistency be-
tween ratings of the two groups. The remaining fifty-six videos were categorized into
“Affective” and “Non-Affective” stimuli, using the median score of the raters as cutoff
value between the two categories. Eighteen videos were then extracted, according to
the following criteria: the nine with the lowest score (“Non-Affective” videos) and the
nine with the highest score (“Affective” videos). By using Apple Final Cut Pro, audio
tracks of the final eighteen videos were manipulated, in order to increase the salience
of one single sound per video (i.e. the phone ring, the woman laugh, the door slam).
Furthermore, we edited the videos in order to ensure that the physical properties of the
sounds (i.e. volume and sampling rate, 44.1 kHz) were consistent. For each video, the
volume of the single salient sound was increased, while all the other sounds were re-
duced. The final pool of videos was implemented in an attentional capture paradigm as
distracting stimuli.

2.2 Experiment 1.

Participants. Twenty-two healthy young adults (9 females; 19-34 years of age) were
recruited. All participants were native Italian language speakers with no history of psy-
chiatric or neurological diagnosis, substance abuse or psychoactive medication. All par-
ticipants had normal or corrected-to-normal vision and reported no history of hearing
impairment. Experimental protocols followed the ethical standards laid down in the
Declaration of Helsinki and the local Ethics Committee (Comitato Etico Regione Ligu-
ria) approved procedures. Each participant provided written informed consent to par-
ticipation in the experiment. Participants were not informed regarding the purpose of
the study before the experiment, but were debriefed upon completion.

Experimental design. Participants were seated in a sound attenuated experimental
booth with dimmed light, in front of a notebook screen (HP Stream 14-ax011nl, 1366
x 768) (Fig. 1).



Fig. 1. Experimental setup: (a) participant is engaged in a solitaire game on the laptop; (b) par-
ticipant reacts to a distracting stimulus.

Participants were instructed to perform a solitaire card game (spider one-suit) on the
notebook, and to pay attention to the game. While participants were engaged in the card
game, distracting stimuli were presented in the far periphery of their field of view (100°
on the right, 227 cm of distance), on a second computer screen (DELL S2716DG, 2560
x 1440 pixels), interleaved by soft ambient sounds lasting for five second each (i.e.
gentle rain). We exposed all participants to the same randomized sequence of distrac-
tors. The audio tracks of the distracting stimuli were played through loudspeakers
(Logitech LGT-Z130), located under the second screen. The experiment was pro-
grammed and run on OpenSesame [18]. Participants’ eye movements were recorded
throughout the entire duration of the experiment with a mobile eye-tracking device [19].
Head movements were recorded using an inertial sensor (Bosch Sensortec BNO055
Intelligent 9-Axis Absolute Orientation Sensor, [20]) mounted on the eye-tracker and
integrated in the OpenSesame experiment. We implemented a periodic task, running at
50Hz, that requests every 20ms the Euler angles to the inertial sensor. The absolute
values of these angles, together with the sample timestamp (Timestamp, Yaw, Pitch
and Roll) were saved in a .csv file, one for each distractor stimulus. Specifically, the
periodic task was synchronized with the video stimuli, so that the duration of each in-
ertial measure was aligned with the duration of the video. For each experiment, we
collected 18 sessions for each participant, in total 360 .csv files.

Data Analyses. Participants’ data were extracted from the eye-tracker and from the
inertial sensor through Tobii Pro Lab and OpenSesame, respectively. Two participants
were excluded due to noisy data. Participants’ reactions to distracting stimuli were de-
fined as head rotations of at least 30° the on the yaw axis (horizontal plane) of the
inertial sensor. Reactions of participants were treated and analyzed as a count variable.
For each subject, three final parameters were extracted: (1) total amount of distractions
during the whole experiment, (2) total amount of distractions occurring during “Affec-
tive” stimuli, and (3) total amount of distractions occurring during “Non-Affective”
stimuli. A Wilcoxon matched pairs test was used to verify a potential difference be-
tween “Affective” and “Non-Affective” conditions. Furthermore, in order to explore
gender differences in distractibility among participants, a Fisher Exact Test was used



to compare males and females, separately for “Affective” and “Non-Affective” condi-
tions. In order to apply the Fisher Exact Test, the number of reactions was converted
into a relative percentage estimated for each single subject. Finally, a binomial test
(n=20, p=50%, 1-a=.95) was used to identify the most distracting stimuli of our pool.
Two sounds (a gunshot and a woman’s orgasm) survived the .95 threshold, meaning
that at least 70% of our sample reacted to that sound).

2.3  Implementation of humans’ behaviors in an iCub simulator

Selection of behaviors. During the attentional capture paradigm, fifteen participants
reacted to the sound “gun shot” and fourteen participants reacted to the sound “woman
orgasm”. Thus, we took into consideration the resulting twenty-nine reactions. For each
reaction, we extracted two main parameters: (1) amplitude (°) of the movement; (2)
time (s) spent on the distractor. The first parameter represented the angle of rotation of
the head toward the distracting screen, and was calculated as the difference between the
average position assumed by the head of the participant during the whole video and the
maximum distance reached on the horizontal plane (yaw axis of the inertial sensor)
during the same temporal window. The time spent on the distractor was estimated as
the time spent by the subject on a point of the horizontal plane exceeding two standard
deviations from the average position of the head. Setting this high threshold allowed us
to extract thirteen reactions from the initial pool. Then, the median value of the ampli-
tude (Mdn=51,108°) and the median value of the time spent on distractor (Mdn = 1,664
s) were calculated and used as cutoff to classify the reactions. Specifically, reactions
were divided in four categories, accordingly to the combination of the amplitude of the
movement and the time spent on the distractor, namely:

(1) Amplitude and time above the median; (2) Amplitude above the median and time
below the median; (3) Amplitude and time below the median; (4) Amplitude below the
median and time below the median.

For each condition, the two most representative reactions were extracted (one for the
“gun shot” and one for the “woman orgasm”). Eight reactions from eight different par-
ticipants were selected as the final pool.

Reproduction of the head movements on iCub simulator. The iCub simulator (Fig.
2) has been designed to reproduce the physics and the dynamics of the robot [21].

Fig. 2. Example of the iCub simulator behaviour.



It has been implemented collecting data directly from the robot design specifications in
order to achieve a replication as accurate as possible. Moreover, the software architec-
ture is the same used to control the physical robot. Specifically, we decided to use the
Direct Position Control algorithm [22] for sending the joint positions to the iCub head.
According to the specifications in [23], the head joints are the ones with indexes 0, 1
and 2, respectively the neck Pitch, Roll and Yaw. At first, we needed to normalize the
Euler angles recorded with the inertial sensor to get relative angles with respect to the
initial head pose at the onset of the stimulus. In such a way, we transferred on the robot
the relative rotation due to the distractor, assuming that the head had always the same
starting pose. The experiment was designed to guarantee, with good approximation,
this assumption. In fact, the participants were always looking straight at the screen
whenever a video stimulus occurred. We excluded all the other recordings not satisfy-
ing this condition. This preprocessing of the data was enough to reproduce on the iCub
simulator the head movements using the Direct Position Control algorithm. This control
technique is used whenever joint positions are sent at a high frequency, because no
trajectory generation in between is needed.

2.4 Experiment 2

Participants. Twenty-four participants (13 females; 26-60 years of age) completed an
online survey evaluating the human-likeness of iCub simulator. Data collection was
conducted in accordance with the ethical standards laid down in the Code of Ethics of
the World Medical Association (Declaration of Helsinki), procedures were approved
by the regional ethical committee (Comitato Etico Regione Liguria).

Experimental design. Eight videos of six seconds each were recorded from the simu-
lator. Videos were then uploaded on an online platform (soscisurvey.de) and associated
with the following question: “In a scale from 1 (extremely mechanistic) to 10 (ex-
tremely human-like), how would you rate iCub behaviors in terms of human-likeness?”.
Each video and the associated question was presented ten times during the survey,
mixed with the other items in a random order. Participants rated the human-likeness of
the simulations, relying only on motion information. They were not informed that the
behaviors were all based on previous recordings of humans’ motions, but they were
debriefed after the survey. In order to investigate whether the ratings were influenced
by subjective factors, participants were also asked to complete the Empathy Quotient
(EQ) questionnaire [24] after the survey.

Data analyses. A two-sample T-Test was used to assess gender differences in our sam-
ple’s ratings. Pearson’s correlations were applied in order to evaluate possible correla-
tions between participants’ global ratings and subjective measures (i.e. EQ).

In order to explore how the components of biological motion (amplitude of the move-
ment and time spent on the distractor) affect ratings of human-likeness, statistical anal-
yses were applied. Amplitude of the movement and time spent on the distractor were
entered as two-level within-categorical predictors in the context of the General Linear
Model (GLM). Gender of our participants was included in the model as nuisance co-
variate. Post hoc effects were estimated by calculating Bonferroni test.



3 Results

3.1 Experiment 1. Attentional Capture with humans

Statistical analyses performed on the average number of reactions across participants
revealed a significant difference between Non-Affective and Affective stimuli.
Specifically, Wilcoxon Matched Pairs Test detected a significant difference (N=20,
T=3.5, Z=3.789, p<.001) between average number of reactions occurred during Non-
Affective stimuli (M=2.30, SD=2.00) and Affective stimuli (M=5.60, SD=2.46).

For both Non-Affective and Affective conditions, Fisher Exact Test revealed no signif-
icant effect of the gender (p >.05) on the distractibility during the experiment (Fig. 3).

Fisher Exact Test
p=.203
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Fig. 3. Differences between males and females on the percentage of reaction displayed during
Non-Affective (Non-Aff) and Affective (Aff) stimuli; vertical bars denote standard deviation of
the data.

3.2  Experiment 2. Human-likeness survey

The two-sample T-Test revealed a significant difference (T(23) = 2.425, p < .05) of
gender on the human-likeness ratings, pointing out that females (M = 6.39, SD = 1.38)
usually rate higher human-likeness than males (M = 4.90, SD = 1.64). No correlation
was found between ratings and subjects’ Empathy Quotient scores.

The analyses modeled in the General Linear Model revealed no significant interaction
between the amplitude of the movement and time spent on the distractor (F(1,22) =
0.48, p = .50). Furthermore, no main effect was found for the amplitude (F(1, 22) =
0.18, p = .68), although results showed significant main effect of the time spent on the
distractor (F(1,22)= 9.18, p < .01) (Fig. 4) surviving Bonferroni correction (p < .01).



Specifically, results suggest that longer time spent on the distractor might determine
higher human-likeness ratings.

Main Effect of time spent on distractor on ratings
F(1.22)=9.179, p=.006
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Fig. 4. Main effect of the “Time spent on distractor” on human-likeness ratings; vertical bars
denote confidence intervals; Cousineau procedure was applied for correcting bars for within-
participants comparisons.

4 General discussion

The aim of our study was to examine parameters of biological motion implemented on
a humanoid robot avatar that determine perceived human-likeness of the motion.

In Experiment 1 we focused on the recording of human behaviors. We recorded partic-
ipants’ head and eye movements during an attentional paradigm. Before implementing
the recorded data on an iCub simulator, a preliminary check of the data was required.
Thus, we investigated whether differences between participants (males vs. females) or
between conditions (Non-Affective vs. Affective) affected our results. No difference
was found between males and females, suggesting that we could use all participants’
recordings, regardless their gender, for subsequent implementation. At the same time,
we found a difference between our experimental conditions. Specifically, results
showed that Affective stimuli (i.e. a laugh, a cry, a scream, etc.) elicited more frequent
reactions compared to Non-Affective ones (i.e. a phone ring, a metal drop, a door clos-
ing, etc.). We combined this result within the binomial test, in order to extract the most
representative behaviors recorded during the attentional capture paradigm.

Then, eight behaviors of different participants were selected, extracted and, subse-
quently, implemented on an iCub simulator. An independent sample of participants was
asked to rate the human likeness of the robot in the simulator, relying only on motion
information. Our results showed that females’ ratings of human-likeness were generally
higher than males’ ratings. This might suggest that females might be more prone to
attribute human likeness than males to a robot simulator, regardless the physical prop-
erties of the movement displayed. In line with previous research [25] we also confirmed
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that humans, when asked to judge biological motion, rely more on temporal, than on
spatial information. Interestingly, although all movement were copied from human be-
haviors, the average rating of participants was around 5.48 on a scale from 1 to 10. This
might suggest that regardless the naturalness of the movement, humans are still biased
by additional visual information (the robot shape) when evaluating biological motion.
Furthermore, a large variability was detected between participants’ ratings. Despite the
lack of correlation between the Empathy Quotient and the ratings, we hypothesize the
existence of personality traits might influence participants’ ratings. Further studies
should investigate which factors might explain this variability.

5 Conclusion

Our results showed that temporal features of a movement are crucial in perceived hu-
man-likeness of a movement exhibited by an avatar of a humanoid robot. Thus, partic-
ular attention shall be paid on temporal trajectory when using avatars (or robots) to
reproduce humans’ behavior. Furthermore, large variability detected in participants’
ratings of human-likeness and the gender difference suggest the necessity of investigat-
ing in more detail individual differences, especially when exploring attribution of hu-
man-likeness to an artificial agent.
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