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HUMAN-ROBOT INTERACTION

Human-like behavioral variability blurs the distinction
between a human and a machine in a nonverbal

Copyright © 2022
The Authors, some
rights reserved;
exclusive licensee
American Association
for the Advancement
of Science. No claim

Turing test

F. Ciardo, D. De Tommaso, A. Wykowska*

Variability is a property of biological systems, and in animals (including humans), behavioral variability is character-
ized by certain features, such as the range of variability and the shape of its distribution. Nevertheless, only a few
studies have investigated whether and how variability features contribute to the ascription of humanness to robots
in a human-robot interaction setting. Here, we tested whether two aspects of behavioral variability, namely, the
standard deviation and the shape of distribution of reaction times, affect the ascription of humanness to ro-
bots during a joint action scenario. We designed an interactive task in which pairs of participants performed a
joint Simon task with an iCub robot placed by their side. Either iCub could perform the task in a preprogrammed
manner, or its button presses could be teleoperated by the other member of the pair, seated in the other room.
Under the preprogrammed condition, the iCub pressed buttons with reaction times falling within the range of
human variability. However, the distribution of the reaction times did not resemble a human-like shape. Participants
were sensitive to humanness, because they correctly detected the human agent above chance level. When the
iCub was controlled by the computer program, it passed our variation of a nonverbal Turing test. Together, our
results suggest that hints of humanness, such as the range of behavioral variability, might be used by observers
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to ascribe humanness to a humanoid robot.

INTRODUCTION

In 1950, Alan Turing proposed that, instead of asking the question
whether a machine is intelligent or not, we better ask the question of
whether a human interrogator ascribes intelligent behavior to the
machine or not, especially given that we do not have a good defini-
tion of intelligence. In line with this reasoning, Turing proposed a
modification of the Imitation Game (1) to evaluate whether a machine
would be perceived equivalent to a human, in terms of intelligence.
The original imitation game is a party game involving three players.
Player A is a man, player B is a woman, and player C (who plays the
role of the interrogator) is of either sex. In the imitation game, player
C is unable to see either player A or player B and can communicate
with them only through written notes. By asking questions to player
A and player B, player C tries to determine their sex. Turing pro-
posed a version of the game in which player A was replaced by a
machine and player C has to determine whether player A and player
B are a human or a machine (computer program in the latter case).
If the interrogator is unable to determine which answers are given
by a human partner and which by a computer program, the latter is
said to pass the Turing test—that is, the computer is indistinguish-
able from a human being. Although the imitation game and the
Turing test were originally based on language, they constitute a type
of task in which “human judges impartially compare and evaluate
outputs from different systems while ignoring the source of the
outputs (2).” Thus, alternative forms of the imitation game can be
based on nonverbal behavior. For instance, Pfeiffer et al. (3) used a
version of a nonverbal Turing test and showed that in gaze-based
social interactions with virtual agents, humanness ratings were pos-
itively predicted by the frequency with which the virtual agent
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followed participants’ gaze in a contingent manner. Specifically, the
authors systematically varied the gaze behavior of an anthropomorphic
virtual character along a continuum from a maximal probability of
gaze aversion to a maximal probability of gaze following. Participants
were asked to judge whether they had been interacting with the human
or with the computer program. The results showed that, when the
virtual character was introduced as cooperative, humanness ascription
was driven by the degree of contingency. Similarly, Willemse et al.
(4) showed that when a robot avatar followed (contingently) partic-
ipants’ gaze, it was judged as more “human-like” than a robot avatar
that did not follow the observers’ gaze direction.

The nonverbal Turing test has been used in literature (5-8) as a
general concept to denote a test for the ascription of humanness,
often departing from the original literal meaning of the Turing test,
which initially was designed to test the ascription of intelligence
through verbal interaction. More specifically, the general concept
of a “Turing test” can be used as a framework to design experimental
studies aiming to evaluate what sort of behavioral features should be
implemented on an artificial agent to make it possible, or impossible,
for a human observer to discriminate a computer program from
a human being. When using the term “a variation of a nonverbal
Turing test,” we refer to this way of understanding the concept.

It is certainly not an easy task for an artificial agent to pass a
nonverbal version of the Turing test because the human brain is
highly skilled in detecting and discriminating subtle behavioral
characteristics of others, such as movement kinematics (9, 10).
Natural and artificial agents can be discriminated through biological
motion displayed by simple point-light figures (11, 12). Similarly, our
brains can recognize emotion and communicative gestures (13, 14)
from simple point-light videos.

Given how our brains are tuned to detect very subtle and implicit
signals of human-like behavior, it is worth asking whether a humanoid
robot can ever pass the nonverbal version of the Turing test by embodying
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human characteristics in its physical actions. In the present study, we
set out to examine this question by focusing on behavioral variability.

Behavioral variability as a subtle hint of humanness
Behavioral variability is particularly relevant because human behavior,
similarly to most biological systems, is indeed highly variable. For
example, when repeating several times the same actions both in
terms of motor plans and timing, humans’ actions will always be
characterized by a certain amount of variance. Stergiou and Decker
(15) showed that in healthy adults, an optimal level of variability is
characterized by a particular organization and a chaotic structure. If
a biological system deviates from this state, then it will have a low
capacity to adapt to perturbations, ending up in either an overly
rigid or an unstable system. Wykowska and colleagues (16, 17) tested
whether humans are sensitive to human-like behavioral variability
of pointing and gaze gestures of a humanoid robot. In two studies,
the authors presented to human participants a robot that was pro-
grammed to indicate an object on the screen by pointing or gazing
atit (16, 17). The authors manipulated the onset time of the gesture
to be either completely constant, controlled through a key press of a
human (16), or preprogrammed but based on prerecorded re-
sponse times of a human (17). Participants were asked to discrimi-
nate between the human and the preprogrammed condition. The
results showed that participants identified the human conditions
(both the human-controlled and prerecorded) above chance, suggest-
ing that the human brain is sensitive to subtle characteristics of human
variability in behavior. Participants were not able to indicate which
clue they based their judgments on, suggesting that the brain has some
sensitivity to human-likeness at lower, implicit levels of processing.

When talking about behavioral variability in humans, it is im-
portant to specify that human behaviors are characterized by two
critical features: the range of variability and the shape of the distri-
bution. In reaction time (RT) tasks, the range of variability is strictly
related to the type of task, its difficulty, and the type of response to
be executed, whereas the shape of the distribution across repetitions
has a particular feature, namely, it generally fits the ex-Gaussian
distribution (18, 19).

Ascription of humanness in interactive tasks

In the context of interaction with others, it has been proposed that
behavioral variability might be an evolutionary adaptive mechanism
that has guaranteed the success of our species (20, 21). Low variability
in actions makes one easily predictable for predators or competitors,
reducing chances to succeed or survive in competitive situations.
Evidence showed that humans intentionally modulate their behav-
ioral variability to facilitate (or decrease) coordination with a partner.
For instance, Vesper et al. (22) showed that when pairs of partici-
pants were asked to synchronize discrete button presses in a RT task
(22), the SD in their responses was reduced compared with when
they produced a simple RT task alone.

Although the abovementioned literature has examined variability
in the context of interaction, the topic of the ascription of humanness
toward variable behavior in interaction has received little attention
so far. More specifically, studies to date have not addressed the
question of how behavioral variability affects the ascription of
humanness in joint-action settings. According to the second-person
neuroscience account (23), to understand the mechanisms of social
cognition, one needs to use interactive protocols, rather than passive
spectatorial paradigms. When passively observing stimuli, the human
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brain might not activate the same mechanisms as those that are typ-
ically activated in daily interactions with others. Following this line
of reasoning, ascription of humanness, based on behavioral clues
such as variability range and shape of the distribution, might also be
affected by whether we actually perform an interactive task with an
agent or only observe the agent. In other words, joint action with an
artificial agent might play a role in ascription of humanness.

In cognitive neuroscience, joint actions are defined as “any form
of social interaction whereby two or more individuals coordinate their
actions in space and time to bring about a change in the environment”
(24). When designing an interactive task with joint action involved,
one needs to consider the key cognitive constituents underlying
successful joint action: a co-representation of the task and response
coordination between partners. Because joint action is grounded in
these two mechanisms, they cannot be neglected from analysis when
the experimental paradigm involves a joint action task. Therefore,
the paper’s focus is twofold: the influence of behavioral variability
of a robot on ascription of humanness and on the two key cognitive
mechanisms underlying joint action, namely, task co-representation
and response coordination.

Task (co-)representation

Task (co-)representation is used to refer to the ability to represent
one’s own actions together with those of others to be able to under-
stand and predict others’ behavior. This ability implies that, when
performing a task together, co-actors understand what the other’s task
is and the conditions under which it occurs. Task (co-)representation
has been shown to emerge automatically—even when the task would,
in principle, allow participants to act without considering and rep-
resenting the other’s task (25-28). Over the past 15 years, researchers
have addressed the mechanism of task (co-)representation with the
use of the “joint Simon” paradigm (27). The paradigm is a modifi-
cation of the standard Simon task (29-31), in which participants
are asked to execute key presses with their left and right hand. The
respective key presses are assigned to a feature of the target stimulus
(a colored square) presented on a screen (example of task instruc-
tions: If the square is red, press the left key; if the square is green,
press the right key). The target stimuli are presented on the left or
right side relative to the center of the screen. This implies that each
target stimulus corresponds spatially to one of the responses. In the
example above, if the red target is presented on the left, then the
response spatially corresponds with the target location, but if the red
target is presented on the right, then the response does not corre-
spond with the target location. Performance is typically better (faster
and more accurate) in corresponding trials, namely, when the stim-
ulus is presented on the same side of the required response (for
example, red square presented on the left), relative to noncorre-
sponding trials, when the stimulus is presented on the opposite side
of the required response (for example, red square presented on the
right) (27, 28). Such difference in RTs between the noncorresponding
and corresponding trials is termed the Simon effect (SE). The SE has
not been observed in the go/no-go version of the task—namely, when
participants respond only to one feature while withholding the
response for the other feature (29), for example, when they are asked
to respond only to red squares by pressing the left key. However,
Sebanz et al. (27) showed that SE occurs when pairs of participants
perform the go/no-go task in a joint context sitting next to each
other, with each member of the pair in charge of responding to one
color of the target stimulus (the left-seated participant pressing the
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left key only when red squares are presented and the right-seated
participant pressing the right key only when the green squares
are presented). According to the task (co-)representation account
(26, 27), the joint SE (JSE) has been interpreted as evidence for
shared representation (co-representation): When people perform
together complementary parts of a task, they tend to represent the
entire task and to integrate both their own and other’s action options
into a shared representation (see, however, alternative accounts,
such as “the reference coding hypothesis” (32, 33), “the task repre-
sentation hypothesis” (34), “the spatial coding theory” (35), or “the
response coding account” (36, 37).

For the purposes of the present study, it has been shown that the
emergence of task (co-)representation can be affected by the type of
agent with whom we are interacting in the joint Simon task. For
instance, Sahai and colleagues (38) tested the emergence of task
(co-)representation across human and machine partners. They asked
participants to perform the joint Simon task with a confederate or
with a computer. Results showed that a JSE was found only when
the partner was a human and not when it was a computer [see also
(39) for similar results and (40) for opposite patterns]. Stanzel
and colleagues (41) replaced one of the two co-agents with the
Tombatossals humanoid robot that was described as functioning in
either a biologically inspired human-like way or a purely deterministic
machine-like manner. Results showed that the JSE emerged in the
believed human-like but not in the believed machine-like robot
condition. Such a result has been recently extended and generalized
by Strait et al. (42), who designed a joint Simon task across three
different countries (Germany, United States, and Mexico) with the
NAO robot as a co-agent. The authors reported JSEs with the robot
and comparable JSEs across three different countries. Together, this
literature review suggests that, within a joint action scenario, humans
co-represent actions not only of their conspecifics (other humans)
but also of some nonbiological robotic agents. However, the latter is
likely to occur only for humanoid robots [experiment 3 in (43)].

Response coordination

Another mechanism that allows humans to complete joint action
tasks with others is response coordination (44). Precise and flexible
response coordination is grounded in specific internal models of
both self-generated and other-related actions and their integration
in real time. Response coordination emerges when partners adapt
the timing of their movements to each other. For example, coordi-
nation emerges every time we adapt our gait to that of a friend while
walking together. This tendency to adapt the timing of our move-
ments to others is called emergent coordination, and it seems
necessary to be temporally coupled with others (44). Emergent
coordination relies on the human capability to extract temporal
regularities from external events, use them to predict the subsequent
event, and act accordingly (45). Thus, the more reliable and consistent
the timing of external events, the more reliable and consistent is our
prediction about them, and the better we will be able to coordinate.
When task co-representations are established, self and other models
work together, allowing co-agents to adapt to each other in real time
(45), thereby eliciting coordination. Malone et al. (46) compared
the response variability structure of participants performing a go/
no-go Simon task individually or together with another person.
Results showed that the fractal structure of RTs was higher in the
individual than in the joint condition (46), suggesting that when
participants performed the task with a partner, responses were
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characterized by nested patterns of variability that were not due to
random fluctuations (46).

Aim of study

The present study aimed to test which aspects of human behavioral
variability affect the ascription of humanness to robots during a
joint action scenario. Specifically, we were interested to test
whether a distribution of behavior that falls within the human-like
range (with human-like mean and SD) is a hint that humans use for
the ascription of humanness toward a humanoid robot, or whether
the robot’s behavior must also follow the shape of the distribution
that characterizes human behavior (18, 19), namely, the ex-Gaussian
distribution. Furthermore, we examined the influence of our manipu-
lation of the robot’s behavior on task co-representation and re-
sponse coordination because these are two inherent aspects of joint
action tasks. To address the aims of the study, we designed a joint
Simon paradigm in which participants performed the task in pairs;
each member of the pair performed the task with a humanoid iCub
robot (47) along their side. The members of each pair were seated in
two separate experimental cabins (Fig. 1 and Movie 1).

The critical manipulation was that the iCub robot could perform
the task in either a preprogrammed or a teleoperated manner. In the
preprogrammed condition, iCub’s behavior fell within the range of
human variability but was not human-like in terms of the shape of
the distribution. In the teleoperated condition, iCub’s button presses
were controlled by the other member of the pair in real time, seated
in the other room (Fig. 1 and Movie 1). Participants were asked a
variation of a Turing test question (“Do you think the robot was
controlled by a human?”) after every 100 trials.

In each trial, participants were asked to discriminate red or green
squares, with each participant being in charge of one color only. For
example, the participant seated in the left cabin was required to re-
spond only when a red square was presented regardless of its spatial
location, whereas the participant seated in the right cabin was in-
structed to execute a key press only when a green square was pre-
sented, again irrespective of where it was presented. The two robots
were responding to the target stimulus complementary to the human
partner. Thus, in the above example, the iCub in the left cabin was
responding when a green square was presented, whereas the iCub in
the right cabin was responding when a red square was presented.

Fig. 1. Experimental setup. Pairs of participants performing the joint Simon task.
Each member of a pair performing the task with a humanoid iCub robot along their side.
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In the preprogrammed case (computer controller condition), a
software generated response times with a uniform (non-human-
like shape) distribution based on the mean and SD of human RTs
collected during a similar experiment (48) (see Materials and Meth-
ods for further details). In other words, the behavior of the robot in
the computer controller condition was within the human range but
with a nonhuman shape of the distribution. In contrast, the human-
controlled condition was characterized both by a human-like range
of variability and a human-like shape of the distribution (ex-Gaussian)
because, in this condition, the robot was in fact controlled by a human
(see also Fig. 2).

We reasoned that if the human-like shape of the distribution of
RTs is critical for the ascription of humanness, then we should
observe a higher proportion of “human” responses in the human-
controlled condition and a higher proportion of “computer” re-
sponses in the computer-controlled condition, which would
indicate that the computer did not pass our variation of a nonverbal
Turing test.

On the contrary, if humans use human-like range of variability
(but not the shape of the distribution) as a clue for the ascription of
humanness, then we should observe in the human condition a higher
proportion of “human” responses and under the computer condition

either chance-level responses or higher

Movie 1. Overview of the experimental design. This video presents the theoretical background of the study, the
concept of the Turing test, and the experimental design in which participants were asked to perform a joint task with
arobot and needed to judge whether their robot partner was preprogrammed or controlled by a human.

Computer

0.2 04 06 0.8 0.2 04

iCub_RT_s

Fig. 2.iCub’s RT frequencies during the task. The plots display the RTs of the iCub robot collected during the task
as a function of the controller condition (human teleoperated versus preprogrammed computer).
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Human

degree of “human” responses, both indi-
cating that the computer passed our vari-
ation of a nonverbal Turing test.

Last, to test whether participants
were overall sensitive to our manipula-
tion, we evaluated whether distribution
of variability differently affected task
(co)-representations and emergent co-
ordination because these are implicit
mechanisms in joint action.

RESULTS

Sensitivity to human variability

To evaluate whether humans are sensi-
tive to human-like behavior during a
robot-mediated joint Simon task, the
frequencies of correct answers in the
Turing question were submitted to a lo-
gistic mixed model with controller con-
dition (human versus computer) as a
fixed effect and participant as a random
effect. Results showed that the probability
of responding correctly to the Turing
question was higher in the blocks in
which the robot was remotely controlled
by the human partner compared with
when it was run by the computer [B =
1.23, z = 3.96, P < 0.001, confidence in-
terval (CI) = (0.63; 1.84)] (Fig. 3). Spe-
cifically, the increase in the probability
of answering correctly was 3.31 times
higher. This shows that participants
were sensitive to the subtle humanness
clues, namely, the shape of the distribu-
tion of RTs in a joint Simon task. To
test whether the frequencies of correct
answers in the Turing question differed
from the chance level (0.5 accuracy rate),
we ran one-sample f tests on the average
accuracy rate for each controller condi-
tion against the critical value of 0.5. Re-
sults showed that when the robot was
controlled by the human agent, partici-
pants’ accuracy was significantly above
the chance level [t,3 = 4.30, P < 0.001,
d = 3.36, CI = (0.60; 0.76)], meaning that
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the proportion of human responses was higher than chance. In con-
trast, under the computer condition, participants accuracy was
at the chancelevel [t,3 = —2.04, P=0.053, d = 1.40, CI = (0.27; 0.50)].

Ascription of humanness

To examine further the evidence supporting the idea that the iCub
robot passed our variation of a nonverbal Turing test under the
computer condition, we submitted the rate of human answers to a
one-sample Bayesian ¢ test against the critical value of 0.50. Results
showed no support for the hypothesis that frequencies of human
answers differed from the chance level BF10 = 1.236 (Fig. 4). Thus,
in line with our reasoning above, the iCub robot passed our variation
of a nonverbal Turing test in the computer controller condition.

Task (co-)representation

To determine whether task (co-)representation emerged in the present
task, we first focused on the JSE. Mean RTs for correct trials were
modeled as a function of correspondence (NC, noncorresponding; C,
corresponding), controller condition (human and computer) and

0.5

Turing accuracy rate

0.0

Computer Human

Controller Condition

Fig. 3. Logistic mixed model results on the frequencies of correct answers in
the Turing question. The plot displays average accuracy rate in the Turing test
plotted as a function of controller condition (computer; human) [B=1.23, z=3.96,
P<0.001,Cl=(0.63; 1.84)].
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their interactions, as fixed effects, and participants as a random effect.
Results showed a main effect of correspondence [B = 10.33, t (23.90) =
5.03, P < 0.001, CI = (6.31; 13.36)], indicating faster responses for
corresponding than noncorresponding trials (355 ms versus 366 ms,
respectively), which indicates a JSE. Also, the main effect of the con-
troller condition was significant [B = 4.42, t5390 = 2.17, P = 0.030, CI =
(0.42; 8.41)], indicating that participants performed slower when the
robot was controlled by the human partner compared with when it was
preprogrammed (364 ms versus 358 ms, respectively). The two-way in-
teraction did not reach significance [B=2.62, t < 1, P=0.269] (Fig. 5),
indicating that the JSE was not affected by the controller condition.

Response coordination

To quantify the degree of coordination with the robot, we estimated
instantaneous cross-correlation between each participant and robot.
Specifically, we estimated instantaneous cross-correlation (48, 49)
between the RT series of participants and the RT series of the iCub
with which they were interacting. Subsequently, an index of coupling
was estimated as the proportion of correlated activity [the proportion
of r (correlation coefficient) > 0.25; see (46, 48)] between the RT
series of the two agents. The offsets were +9 trials with a conservative
(11 = 0.1) noncausal filter (49). Then, the proportion of correlated re-
sponse activity (index of coupling) was estimated for each partici-
pant in each experimental condition and modeled as a function of
controller condition (human versus computer) as fixed effects and
participant as a random effect. Results showed a lower percentage of
instantaneous cross-correlation when the robot was controlled by
the human partner compared with when it was running through
a computer program (32% versus 36%, respectively) [B = —0.037,
t46 = —5.91, P < 0.001, CI = (-0.05; —0.02)] (Fig. 6).

DISCUSSION

Variability is a property of biological systems. For humans, it is cru-
cial in social interactions. Nevertheless, only a few studies have
investigated whether and how it contributes to the ascription of
humanness to robots in a human-robot interaction setting. In the
present study, we tested whether two aspects of behavioral variability—
falling within the human-like range of RT distribution and having
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Fig. 4. Bayesian t test results. The plots display the posterior and prior distribution of evidence in favor of the null hypothesis (Ho) and the alternative hypothesis (H,).

Bayesian factors (BF) are reported in the figure.
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Fig. 5. Task (co-)representation results. The plot displays mean RTs plotted as a
function of correspondence (C, corresponding; NC, noncorresponding) across controller
condition (computer; human) [B=10.33, t390=5.03, P <0.001, CI=(6.31; 13.36)].
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Fig. 6. Response coordination results. The plot displays the average percentage
coupling index across controller condition (computer; human) [B=-0.037, t4s=-5.91,
P<0.001, Cl=(-0.05; -0.02)].

the human-like shape of distribution—affect the ascription of
humanness to robots during a joint action scenario with a humanoid
robot. Also, we examined the influence of variability in the behavior
of the robot on two key mechanisms underlying joint action in
humans, namely, task co-representation and response coordination.

To address the aims of our study, we designed an interactive task
in which pairs of participants were involved in joint action. The
members of each pair were seated in two separate experimental cabins.
Each member of the pair was performing the joint action task with
one iCub robot. The critical manipulation was that either the iCub
robot could perform the task in a preprogrammed manner (computer
controller condition) or its button presses could be teleoperated in
real time by the other member of the pair, seated in the other cabin
(human controller condition). In the human controller condition,
the RTs had a human-like variability range and human-like shape
of distribution (Fig. 2). In the preprogrammed case (computer con-
troller condition), a computer generated response times with a uni-
form (thus, non-human-like) shape of the distribution but within a
human-like range because the preprogrammed behavior was based
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on human mean and SD (Materials and Methods). When performing
the task, participants were asked to answer a variation of a Turing
test question, indicating whether they believed that the robot was
controlled by a human partner or a computer.

Our results showed that humans are sensitive to human-like
response variability, as indicated by the higher accuracy rate in our
variation of a nonverbal Turing test for the human controller con-
dition relative to the computer controller condition. When the robot
was remotely controlled by the human partner, not only participants
responded more correctly to our Turing test question but also their
correct response rate was above the chance level.

When the iCub was controlled by the computer program, results
showed that participants’ responses did not differ from the chance
level, indicating that the iCub passed our variation of a nonverbal
Turing test because it was difficult for the participants to detect the
computer program controlling iCub’s behavior. Thus, our results
suggest that when interacting with a humanoid robot, behavioral
variability that falls within the human-like range but does not have
the human-like shape of distribution is used as a clue for the ascrip-
tion of humanness.

The result that the iCub passed our nonverbal Turing test in the
computer controlled condition is also supported by participants’
performance during the task. When focusing on participants’ RTs
during the task, results showed that a statistically significant JSE
emerged for both the human and the computer conditions. A sig-
nificant JSE has been used in cognitive psychology as an index of
co-representation of the partner’s task in joint action. Namely, even
if the action of the partner is not informative or relevant to the indi-
vidual performance, his/her actions are taken into account. In our
study, the JSE was comparable across the two conditions (human
versus computer), as indicated by a lack of three-way interaction.
This suggests that irrespective of the shape of the distribution of
iCub’s RTs, participants perceived the task as shared and co-
represented iCub’s task. Our results corroborate the existing evidence
that extends the JSE from human-human to human-robot interaction.
Previous studies showed that during a human-robot joint Simon
task, beliefs about how the robot is controlled can prevent or pro-
mote task (co-) representation in humans (41-43). For instance,
Stenzel and colleagues (41) showed that during a human-humanoid
joint Simon task, the JSE emerged only when participants were told
that the robot was acting in a human-like way but not when they
were told that it was acting in a machine-like manner. Thus, in our
study, the fact that task co-representation emerged, as evidenced by
participants’ JSE for iCub also under the computer condition, sup-
ports further the notion that iCub passed our variation of a nonverbal
Turing test because it was treated like another human would be
treated in a joint Simon task (25-29, 48).

One could argue that our pattern of results is not due to the robot
passing our nonverbal Turing test but is simply driven by the fact
that participants’ brains were not sensitive to the difference between
the two controller conditions. However, results from response
coordination showed that the way the iCub was controlled affected
emergent coordination differently, with a higher percentage of
instantaneous cross-correlation occurring for the computer controller
condition compared with the human controller condition. This
demonstrates that our manipulation affected participants’ perfor-
mance and that the brain was sensitive to our manipulation.

However, participants did not use this information for their
judgment regarding humanness ascription to the iCub. Therefore,
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our manipulation affected the brain at the implicit level, without
necessarily having an effect on the higher-level cognitive processes
that have access to conscious decision-making. This finding suggests
that response coordination in joint action is not driven by the con-
scious ascription of human-likeness but rather by the degree of
regularity in behavior. Specifically, participants coordinated better
with the iCub when it was controlled by the computer generating
RT's with a more uniform distribution compared with when it was con-
trolled remotely by another human, presumably due to a higher
degree of predictability of the response times. Although in the com-
puter controller condition, the mean and SD of the distribution
were taken from human behavior (48), the probability of each RT of
the robot was more equally distributed. Thus, the more homogeneous
variability of iCub performance under the computer controller might
have allowed participants to build a more precise internal model
of the timings of its performance, resulting in higher emergent
coordination.

Our results also show a dissociation between task (co-)representation,
indexed by the JSE, and response coordination. This is an intriguing
result. Previous studies that investigated the relationship between the
two mechanisms using the joint Simon task suggested that coupling
between co-agents may underlie the JSE (46, 48). However, our results
showed a dissociation: Response coordination was affected by the
dynamics of the behavior of the robot, whereas task co-representation
(JSE) was not. This supports the hypothesis that in joint action tasks,
co-representation might be a necessary condition for interpersonal
coordination but not a sufficient one (44).

Overall, our results suggest that, given the current general knowl-
edge of common people regarding robot systems, human-like vari-
ability in RTs may be a clue that people use for ascription of
humanness to a robot in a joint action scenario such as the joint
Simon task. Nevertheless, we cannot exclude that in the near future,
when users become more familiar with robots on a daily basis (50),
behavioral variability might no longer be a feature that plays a role
in attributing humanness to artificial agents. For instance, it is possible
that by designing robots that are programmed to act with a human-
like variability, human observers may start to rely on other cues to
distinguish a human-controlled robot from an autonomous one.

Furthermore, it is important to note that in a task in which par-
ticipants are asked to discriminate between a human and artificial
nonverbal behavior, they might not detect humanness per se but
rather use features that are shared among all biological systems.
Variability is a feature of all biological systems and is not uniquely
human. Thus, the nonverbal variation of the Turing test used in our
task might have been less specific for measuring the sensitivity to
humanness and rather might have tested sensitivity to biological
(versus artificial) systems.

Nevertheless, we believe that our results are informative with
respect to the design of robot behaviors for human-robot collabora-
tive tasks. For example, for tasks in which it is important that the
robot is perceived as human-like, to promote the emergence of task
(co-)representation, it is important that its behavior is designed to
display human-like variability. Examples of such contexts are work
environments in which the human user will be required to monitor
or share the workload with the robot. On the other hand, for those
contexts in which it is required that the user perceives the robot as a
tool and not as a partner, such as during surgery, the robot should be
designed to be as predictable (and invariant in behavior) as possible
to evoke higher degree of response coordination. Last, at a more
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theoretical level, our results have implications for the robot version
of the Turing test, the total Turing test, as formulated by Harnad (51).
Harnad objected to the idea that the original Turing test isolates the
mind from the body. He proposed that a test for artificial intelligence
should also be taking into account the embodiment and the ability
to act upon the environment. In this context, our findings suggest
that human-like behavioral variability might be a necessary (but not
sufficient) condition to pass a nonverbal variation of the total Turing
test by an embodied artificial intelligence, which is physically present
in the human environment upon which it can also act.

Together, our findings show that the human brain is sensitive to
the shape of distribution of the human behavioral variability, per-
ceiving it as a sign of humanness (or of a biological system in general).
However, when the behavior of an artificial agent falls within a
human-like range (although it has a different shape of distribution),
it becomes difficult for a human observer to discriminate between
the artificial agent and another human. This provides indications
for robot design, which aims at endowing robots with behavior that
can be perceived by users as human-like.

MATERIALS AND METHODS

Participants

Thirty-six adults (14 males; 3 left-handed; mean age = 24.1 + 3.6)
were recruited in the experiment. The sample size was defined by an
a priori power analysis indicating a sample # = 24 to detect a medium
effect size [Cohen’s d for repeated measures (dz) = 0.41, o (one-tailed) =
0.05 and power = 0.80]. All participants had normal or corrected-
to-normal vision and were not informed about the purpose of the
study. All participants gave their informed written consent. The
studies were conducted under the ethical standards laid down in
the 1964 Declaration of Helsinki and were approved by the local ethical
committee (Comitato Etico Regione Liguria). Participants received
20€ for their participation. Datasets of five pairs have been excluded
from data analysis given the high error rate in the performance of
one member of the pair (two pairs) or a technical issue in collecting
iCub’s response times (three pairs). Therefore, the analysis was run
on a sample size of n = 26.

Experimental setup and stimuli

The experiment was carried out in two adjacent dimly lit and noiseless
rooms. Stimulus presentation, response timing, and data collection
were controlled by PsychoPy software (v.2020.1.2). Stimuli were red
and green solid squares (2.3° x 2.3°), which were randomly presented
on the left or the right of a central white fixation cross (0.6° x 0.6°)
on a black background of a computer screen placed on the table
in front of each participant (and the corresponding robot part-
ner). Responses were executed by pressing 1.4” buttons (Logitech
Adaptive gaming kit) connected to a MicroPython board working as
an HID (human interface device) recognized by the operating system
as a standard USB (universal serial bus) keyboard.

Participants were seated facing a 27-inch liquid crystal display
screen at a viewing distance of 60 cm. Next to each participant, a
full humanoid iCub robot was located. In the left cabin, the robot
had a blue torso and arms, whereas in the right cabin, those parts were
black. The robots and the controlling PC were connected in the same
local area network using Gigabit Ethernet interfaces with different
local internet protocol addresses. In this way, we were able to con-
trol both robots independently in real time during the execution of
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the experiment from the same experimental PC. The action to make
the robot press was encoded in the PsychoPy script using the YARP
Python wrappers and the IPositionController for controlling the
movements of both the iCub robots.

In both conditions, the computer and the human controller, the
command to make the robot press was sent at the same occurrence
of a specific event, namely, when the visual stimuli of which the
robot was in charge to respond appeared. However, they were
generated in two different ways.

Under the computer condition, the key press of the robot was
generated artificially on the basis of a specific distribution, estimated
in a previous study using the joint Simon task in a human-human
interactive scenario (48). Under this condition, at the beginning of
the trial, a value t, was randomly selected from a uniform distribu-
tion (u = 350 ms, ¢ = 42 ms). Then, when the stimulus was presented
on the screen, a command to execute a key press was sent to the robot
with a preprogrammed delay of t,. Thus, the timestamp of the
key press was

(1)

key press_tsagorithm = Ta + 0

with the value 8 representing the latency between the robot and the
controlling PC. 8 was measured experimentally, resulting in about
80 ms (Fig. 7).

Under the human condition, the key press of the robot was gen-
erated by processing in real time the response of the participant in
the other cabin (i.e., the one that was in charge to respond to the
same color stimuli of the robot). Whenever the player pressed the
button during the assigned trials, the command to execute a key press
was sent to the robot in real time. Thus, the timestamp of the
key press under the human controller condition was

2

key press_tShyman = Th + 0

with the value 1y representing the response time of the human
participant.

Figure 7 shows the distributions of the latency between the robot
and the controlling PC (8) under both controller conditions, across
200 trials. As presented, in estimating the timestamp of the key press,
6 needed to be taken into account because it represents the delay
between when the command for pressing is sent to the robot and
when the button is pressed. Of 200 trials, the 8 was pretty much
stable for both of the two robots, ranging from 72 to 80 ms. The
variability in & is due to the refresh rate of the HID input devices
used for collecting responses, which was 120 Hz.

Procedure of the experimental design

Participants were recruited in pairs. The matching of the two members
of the pair was made by the experimenter during the recruiting phase.
At their arrival at the laboratory, participants filled in three different
questionnaires: the instance test (52, 53), the Inclusion of Other in the
Self (IOS) scale (54), and the Waytz (55) intentionality toward robots
subscale (Supplementary Materials). Before starting the task, the ex-
perimenter presented a demo showing that both robots could be con-
trolled remotely by the person sitting in the other room. The demo
was limited to the key press action only. After the demo, partici-
pants took their seats in their respective rooms. They were asked
to wear earplugs to avoid hearing the sound effect generated by the
person sitting in the other room.

A trial began with the presentation of the fixation cross at the
center of the screen. After 1 s, the stimulus appeared to the right or
the left of the fixation and remained visible until a response was
collected or for 800 ms. The maximum time allowed for a response
was 1 s after the onset of stimulus presentation. Immediately after a
response was collected, or the time of the stimulus presentation
elapsed, a black screen was presented for 1 s.

The task consisted of 16 practice trials
and 800 experimental trials divided into

y_ms
80
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tbl_left$latenc
76
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tbl_right$latency_ms

72
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eight blocks of 100 trials each. For half
of the trials, stimulus and response loca-
tion corresponded (corresponding trials);
for the other half, they did not corre-
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end of each block, participants were asked
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to answer the question: “Do you think
the robot was controlled by a human?
Press the button if your answer is yes,
do not press if your answer is no.” Half of
the participants performed first the four
human-controlled blocks, followed by
the remaining four computer-controlled
blocks. For the other half of the partici-
pants, the order of blocks was reversed.

Statistical data analysis
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Fig. 7. Latency tests of the two robotic systems. Latencies obtained by testing the two robots systems for a total

of 200 trials each. The left column depicts the data related to the robot positioned
right column represents the data related to the robot positioned on the right (iCub

spond to the latency measures (in milliseconds) for each trial. (Bottom) The frequency distributions of the latencies

in the same test.
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Analyses were conducted using the Ime4
7% 78 80 82

package (56) in R. Parameter estimates
(B) and their associated t tests (¢ and P),
calculated using the Satterthwaite ap-
proximation for degrees of freedom
(57), are presented to show the magni-
tude of the effects, with bootstrapped
95% ClIs (58).

tbl_right$latency_ms

on the left (iCub blue), and the
black). (Top) The samples corre-
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