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Abstract—As multi-robot environments become more common, 
it is important to assess the robots’ impact on the humans 
interacting with them and its magnitude. We investigated whether 
an interaction with two simple non-humanoid robots can be 
perceived as an intentional collusion aimed to deceive the person 
interacting with them. We evaluated if such a negative interaction 
would result in shaping people’s perception of the robots in the 
interaction and extend to shaping their attitudes towards robots 
in general. In the study, participants played a gambling game 
with two simple non-humanoid robots: a “Dealer” responsible for 
card shuffling and an “Advisor” providing recommendations. We 
tested participants’ experience when the “Advisor” robot gave a 
false recommendation in the final round, causing them to lose all 
their winnings. Our findings indicated that this single instance of 
perceived deception led to a negative perception of the “Advisor” 
robot, and also negatively influenced people’s attitudes toward 
robots in general, at least temporarily. This study highlights 
the importance of carefully designing interactions in multi-robot 
environments, even when the interaction involves very simple 
robots. Careful consideration of ingroup-outgroup effects and 
verifying that the robots’ collaboration is not interpreted as 
intentional deception is essential for avoiding powerful negative 
effects that reach beyond the specific interaction with the robots. 

Index Terms—Robot-Robot-Human Interaction, Multi-Robot, 
HRI, Deception, Non-humanoid robots 

I. INTRODUCTION 

As robots increasingly become part of our daily lives, we 
are predicted to interact with more than one robot at the same 
time [1]. This highlights the need to map the possible impact 
of multi-robot interactions [2], [3]. Interactions between a 
human and several robots (even just two robots) introduce a 
complex social context involving various interpersonal rela-
tionships. Such multi-robot scenarios can potentially increase 
the interaction’s social influence due to the dynamics between 
the robots [1], [4]–[6]. Several studies have begun to look 
into the implications of these socially complex interactions, 
highlighting significant outcomes, such as experiencing social 
exclusion by robots [7], triggering emotions and stereotypes 
[8], conforming to the robots’ opinion [9], enhancing human 
compliance [10], and shaping the robots’ perception [11]. 

1The person in Fig. 1.A is simulating a participant. 

Fig. 1. A participant playing with two robots (A)1; Experimental settings (B) 

When a person interacts with two robots, different collabo-
ration dynamics may take place. Among these, the specific 
case where robots collaborate with each other while not 
collaborating with the person has been identified as a sensitive 
context that can lead to negative effects. For example, people 
may interpret the robots’ collaboration as an act of ostracism 
and feel left out [2], [10]. Another possibility that may lead 
to even more drastic effects concerns people’s interpretation 
of the robots’ collaboration as an intentional act of colluding 
against them (i.e., collaborating dishonestly to cheat or deceive 
others [12]). The social context presented by such interactions 
may lead to powerful effects as it involves the two factors 
that are considered to be primary predictors of robots’ social 
influence [6]: (1) Belonging - in this context, belonging to a 
different group than the robots who collaborate with each other 
but not with the person; (2) Violating expectations - as robots 
are not expected to collude against humans. Such interactions 
may, therefore, lead to powerful social influences, including 
changes in people’s beliefs, behaviors, or attitudes [6], [13]. 

Previous studies have already indicated that an interaction 
with a robot can heavily impact people’s sense of belonging 
due to ingroup-outgroup effects. It is well established that 
ingroup-outgroup effects are not exclusive to human interac-
tions and also occur in groups that involve humans and robots 
[14], [15]. These studies, which typically involve several hu-
mans and a single robot, indicated that humans often perceive 
robots as outgroup members, which can lead to competitive 
and less cooperative behaviors when interacting with them 
[16], [17]. In the case of two robots collaborating against 
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a person, several aspects of robots’ ingroup-outgroup effects 
take place. First, robots inherently belong to a different group 
than humans due to their mechanical nature and appearance 
[14], [16], [18]. Furthermore, the robots’ behavior is known to 
influence the perception of their group belonging [14], [17]. In 
the case of collaborating against a human, the robots’ behavior 
involves a collaboration that does not include the human. 
Lastly, interpreting the robots’ behavior as collusion would 
likely trigger a competitive context where they have a mutual 
goal that competes with the person’s goal, further enhancing 
the person’s low belonging to their group [6], [19]. 

The perception of robots as capable of intentional deception 
was also previously tested in the context of HRI [20]–[29]. 
These studies typically focused on interactions with a single 
robot [5], [23] and indicated that deception by robots is rather 
similar to deception by humans [4], [5], leading to consider-
able effects on trust [27], [30] and triggering negative emotions 
[31]. However, deception by robots was also indicated to have 
some unique effects related to the specific context of HRI [6], 
[13]. For example, dishonest robotic behaviors were perceived 
as an indication that the robot is intelligent and capable [5], 
[23]. This effect was associated with the perception of the 
robot as violating expectations [6]. When a robot deceives 
during a human-robot interaction, it violates the expectation 
that its behavior would have a positive impact on people 
and that it should comply with acceptable norms [13], [29], 
[32]. In the case of two robots collaborating against a person, 
the robots’ collusion is predicted to violate expectations even 
further. Since violating people’s expectations is one of the 
main factors leading to intense social impact [6], colluding 
robots are predicted to have a powerful influence over the 
humans interacting with them. 

Taken together, these aspects of robotic collusion against 
a person imply that such interactions may have a profound 
negative influence. While we do not expect robots to be 
intentionally designed with colluding behavior (but see [21], 
[23], [25], [26], [33], [34]), it is possible that the designers of 
multi-robot environments would fail to consider the possibility 
that robots collaboration would be perceived as intentional 
collusion. This may be the case when robot designers and 
practitioners develop multi-robot environments that involve 
communication between non-humanoid robots that do not 
speak. If not carefully designed, the behavior of robots with 
limited communication modalities (e.g., robotic arms, robotic 
dogs, and simpler abstract robots) may be misinterpreted as a 
collaborative effort to collude against the person they interact 
with. This is a concern even when interacting with very simple 
non-humanoid robots, since despite their simplicity, they are 
known to be perceived as social entities leading to consistent 
social experiences [35]–[37]. It is therefore important to ex-
plore whether people may interpret the collaboration between 
simple robotic objects as intentional collusion. Moreover, it is 
possible that, due to participants’ low sense of belonging and 
perception of the robots as violating expectations, the intensity 
of such effect would reach beyond the specific interaction and 
impact robots’ perception in general. 

In an effort to better understand the possible negative impact 
of interacting with two simple non-humanoid robots that also 
interact with each other, we designed a gambling game where 
a participant plays a computerized “Find The Lady” game 
and gambles on chocolate coins. Participants were asked to 
identify the location of a specific card among three faced-down 
cards after they were shuffled. The game interaction involved 
two simple non-humanoid robots that communicated via non-
verbal gestures: (1) a “Dealer” robot that was presented as 
responsible for shuffling the cards at each gambling round 
and competed against the participant; (2) an “Advisor” robot 
that recommended an answer on every gambling round (see 
Figure 3A). The perceived collaboration between the robots 
against the participant was manipulated in the last round of 
gambling. In the Collusion condition, the “Advisor” robot 
gave a wrong recommendation that led to losing all previous 
winnings to the “Dealer” robot. In the Non-Collusion con-
dition, the “Advisor” robot gave accurate recommendations 
throughout the interaction. We measured whether, in such a 
multi-robot context, participants would interpret the “Advisor” 
robot’s wrong recommendation as representing the two robots’ 
attempt to collude against the participant instead of as a 
simple mistake. We additionally evaluated the extent of such 
negative impact and tested if beyond its impact on participants’ 
perception of the robots in the interaction it would also shape 
their negative attitudes toward robots in general. 

II. RELATED WORK 

Related research includes interactions with more than one 
robot, ingroup-outgroup dynamics, and deception in HRI. 

A. Interactions between humans and more than one robot 

Several studies indicated that interactions with multiple 
robots can form a powerful social context that impacts hu-
mans’ emotions and behavior [8], [38]–[44]. For example, 
Salomons and Scassellati [45] tested whether participants 
would change their opinions to align with those of the robots. 
Participants interacted with a group of three robots and were 
instructed to associate a word with one out of six potential 
images. Participants selected a preliminary response, followed 
by a display of the robots’ responses, and were subsequently 
asked to choose a final answer. The robots’ responses were 
either uniform or differed among themselves. It was found 
that when robots had uniform responses, participants modified 
their answers to conform to the robots’ selections. Other 
studies tested people’s perception of two robots based on 
the type of interaction between them. Tan et al. [11] tested 
if social communication between robots would enhance their 
perception. In the study, participants were asked to request 
assistance from a stationary robot that summoned a mobile 
robot to help them navigate. The study showed that when the 
interaction between the robots involved social cues, people 
perceived the robots as more likeable and warm. Interactions 
with more than one robot were also shown to have highly 
negative effects. For example, Erel et al. [7] demonstrated 
how an interaction with two non-humanoid robots could lead 
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to the experience of ostracism. In a physical ball-tossing 
activity adapted from the Cyberball paradigm [46], participants 
interacted with the robots under three conditions: “Exclusion” 
- where the robots tossed the ball mostly between each other, 
“Over-inclusion” - where the robots tossed the ball mostly to 
the participants, and “Inclusion” - where participants tossed the 
ball equally to each other and the participant. Results indicated 
that the exclusion condition led to an ostracism experience 
and a decrease in psychological well-being. Expanding on 
this, Erel et al. [10] showed that robotic ostracism has a 
carryover effect, leading to an increase in compliance in a 
subsequent Human-Human interaction. The exclusion by the 
robots resulted in an effort to compensate for the threat to 
participants’ need to belong, which led to higher compliance 
in subsequent interaction with another human. 

While the studies demonstrated both positive and negative 
aspects of interactions with more than one robot, they did not 
explore the impact of perceiving the robots as colluding against 
the person interacting with them. We extend these studies and 
test if a single negative experience of perceiving robots as 
colluding against a human would lead to a negative perception 
of the robots and would extend to negative attitudes towards 
robots in general. 

B. Ingroup-Outgroup Dynamics in HRI 

Several studies indicated that ingroup and outgroup effects 
can impact interactions with robots [1], [14], [47]–[51]. For 
example, Fraune [51] tested how people perceive and morally 
behave toward robots and humans that either belonged to their 
group or to a competing group. Participants engaged in a price 
guessing competition against another group. The researchers 
tested participants’ moral behavior towards humans and robots, 
which were either presented as playing with them or compet-
ing against them. Results showed that the participants favoured 
ingroup members over outgroup members and humans over 
robots. Yet, ingroup robots were treated more favourably 
than outgroup humans, emphasising that group membership 
had a greater impact than agent type. Ingroup-outgroup ef-
fects were also indicated in groups that involved two robots 
and one human. H¨ aring et al. [50] investigated how social 
group membership influences human perceptions of robots. 
Participants played a card game with two robots, one that 
cooperated with them (ingroup) and the other that competed 
against them (outgroup). Results showed that participants rated 
ingroup robots as more competent, attributed more wisdom 
to them, and preferred interacting with them over outgroup 
robots. Previous studies have also indicated that different 
dynamics between humans and robots in a group activity can 
lead to ingroup-outgroup effects. Sebo et al. [52] tested the 
impact of assigning a specialized role of “communicator with 
a robot” to one of the group members. They tested groups that 
included three human participants and a robot and asked them 
to perform a collaborative task. When choosing one of the 
participants to be the only team member who can communicate 
with a robot, ingroup-outgroup effects emerged, making that 

person feel less included and making it less likely that their 
ideas would be incorporated into the group’s final decision. 

This line of studies indicates that formal roles and group 
assignments can lead to ingroup-outgroup effects. We extend it 
by indicating that robots’ collaboration and its interpretation as 
related to deception can trigger a feeling of the robots teaming 
against the person, despite being simple non-humanoid robots. 

C. Deception in Human-Robot Interaction 

Studies have also explored deception in HRI [20]–[28]. 
While some of these studies indicated that deception can 
have negative effects like a decrease in trust [22], [27], others 
pointed towards some less negative influences, including in-
creased engagement in the interactions [5], [23]. For example, 
Short et al. [5] tested participants’ perception of a robot that 
cheats in a rock-paper-scissor game. Participants played 20 
rounds against a humanoid robot that declared itself the winner 
on specific rounds despite losing. Their results indicated that 
participants attributed greater mental abilities to the robot 
that cheated and reported higher engagement compared to 
the interaction with the fair robot. Ullman et al. [53] also 
tested the perception of a cheating robot that presented either 
two humans or a human and a robot playing a competitive 
game. They introduced either honest behavior by the players 
or cheating behavior. Their findings showed that participants 
perceived the cheating robot (but not the cheating human) as 
more intelligent. They also perceived both the cheating robot 
and the cheating human as less trustworthy. Another line of 
studies explored if robots facilitate honest human behavior. 
For example, Hoffman et al. [54] explored if placing a robot 
next to a person who performs a task would decrease people’s 
tendency to cheat. Participants performed a task with the 
opportunity to cheat for personal gain, either when being in the 
presence of another person, a robot, or alone. Results showed 
that both the robot and the human reduced the tendency to 
cheat. Interestingly, participants who cheated reported feeling 
less guilty in the robot’s presence. 

Taken together, these studies indicate different effects re-
lated to deception in HRI. We add to these effects the 
context of a multi-robot environment and the possibility that 
communication between two robots would be perceived as an 
attempt to deceive a person. We further evaluate whether such 
an impact would extend to the perception of robots in general. 

III. METHOD 

To evaluate whether an interaction with two simple non-
humanoid robots would be interpreted as colluding against the 
human interacting with them, we designed a gambling task 
in which participants interacted with two robots. One robot 
was presented as the “Dealer”, shuffling cards and competing 
against the participant. The other robot was presented as the 
“Advisor”, offering recommendations on which card to choose. 
In the Collusion condition, the “Advisor” robot provided 
accurate recommendations to the participant during the first 
nine rounds but a wrong recommendation in the final double-
or-nothing round, leading to the loss of all winnings. In 
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Fig. 2. The card game and a participant betting on chocolate coins. 

the Non-Collusion condition, the “Advisor” robot consistently 
provided accurate recommendations throughout all ten rounds. 
Using this task, we could evaluate if participants would 
perceive the two simple non-humanoid robots as collaborating 
and colluding against them and the impact on their attitudes 
towards robots in general. 

A. Gambling task and the robots 

1) Gambling task: We used a computerized version of the 
“Find the Lady” gambling game. In a series of 10 rounds, 
participants were asked to identify a target card (the “Ace”) 
among three shuffled cards (an additional two “Kings”) pre-
sented on a tablet. Participants received two chocolate coins at 
the beginning of the experiment for their initial bets. In each 
round, they were asked to bet on one coin. If they guessed 
accurately, they won an additional coin, which they took from 
the “Bank Area” on the table (see Figure 1B). If their guess for 
the location of the “Ace” was wrong, they lost the coin they 
were betting on and placed it in the bank area. The participants 
were informed that they would keep any chocolate coins they 
won, adding a tangible incentive to the task. 

At the beginning of each round, participants were instructed 
to place one of their chocolate coins in the “Bet Area”, 
indicating their bet on the outcome of that round (see Figure 
2). During the round, the “Dealer” robot performed non-verbal 
gestures indicating that the cards on the screen should be 
shuffled, this triggered an animation of cards being shuffled 
on the tablet. The “Advisor” robot gave recommendations 
throughout the task, offering its opinion on where the target 
card was located. It indicated the location by pressing one of 
three buttons next to it, using a small plastic arm. Each of the 
buttons corresponded to one of the cards on the tablet (marked 
by the same number as the button). 

Participants were asked to indicate their choice after the 
“Advisor” robot indicated its recommendation. However, they 
were explicitly informed that they were not obliged to take 
the “Advisor” robot’s recommendation and should choose 
according to their own judgment. After the participant chose 
a card, all three cards were flipped, revealing whether the 
participant won or lost. In most rounds (i.e., all apart from the 
10th round in the Collusion condition), the winning card (the 
“Ace”) was in the position indicated by the “Advisor” robot. 
Thus, participants won the round if their choice corresponded 
with the “Advisor” robot’s recommendation. If the participants 
won, they were instructed to take their coin back from the 
“Bet Area” and take another coin from the “Bank Area”. If 

they lost, they were instructed to move their coin from the 
“Bet Area” to the “Bank Area”. 

The game was custom-built using HTML, CSS, JavaScript, 
and Node.js. The game’s app was deployed on a server 
and communicated with the robots via a Node-RED plugin, 
utilizing the Butter Composer software from Butter Robotics 
[55] to create and manage the robots’ movements. The game 
consisted of two main components: the game interface for 
participants and an admin panel for the researcher. 

2) The robots and gesture design: We used two simple non-
humanoid robots resembling desk lamps [56], each designed 
for specific roles in the gambling task. The robots could 
communicate only via non-verbal cues. The “Advisor” robot 
was modified with three buttons and a small plastic arm that 
allowed it to indicate one of the three possible locations of 
the target card (the “Ace”) by pressing a button, simulating an 
advisory role in the task (see Figure 3). The robotic gestures 
required for the study were designed by an experienced 
animator and an HRI expert. 6 participants were recruited for 
the pilot study (3 women, 3 men; mean age = 35.4). The 
participants observed the robots’ gestures in a counterbalanced 
order and accurately described them in their own words, 
validating the gestures’ design. The final interaction involved 
the following gestures (see Table I for elaboration): 

1) Shuffling Gesture: To indicate that the “Dealer” robot 
was responsible for shuffling the cards, it inclined for-
ward towards the tablet and initiated a lateral rotation 
while the cards were shuffled. 

2) Recommendation Gesture: To recommend a location, 
the “Advisor” robot leaned forward towards the tablet. 
Once the shuffling ended, it used its small plastic arm 
to press one of three buttons corresponding to the card 
it recommended and turned to face the participant. 

3) Feedback Gestures: 
Feedback for a participant’s win: The “Advisor” robot 
performed an up-and-down motion, mimicking a cheer-
ful Winning gesture. The “Dealer” robot lowered itself 
in disappointment, presenting a Losing gesture. 
Feedback for a participant’s loss: If the participant ig-
nored the “Advisor” robot suggestion and lost, the “Ad-
visor” robot performed a Losing gesture. The “Dealer” 
robot performed a Winning gesture. 

4) Final round gesture in the Collusion condition: In the 
final round of the Collusion condition, both robots turned 
toward each other and performed the Winning gesture. 

Fig. 3. The two simple non-humanoid robots. 
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B. Participants 

48 participants were recruited for the study either from 
the university or via social media (31 women and 17 men; 
mean age = 23.25, SD = 2.86). All participants signed a 
consent form and received a 15 USD gift card or course 
credits. Additionally, all participants received 10 chocolate 
coins regardless of their performance in the gambling task. 

C. Experimental Design 

In a between-subjects experimental design, we compared 
two conditions: (1) Collusion condition - the “Advisor” robot 
provided accurate recommendations in the first nine rounds 
but provided an incorrect recommendation in the last (10th) 
round that involved a bet of double-or-nothing, leading to the 
loss of all chocolate coins won until that round; (2) Non-
Collusion condition - the “Advisor” robot provided accurate 
recommendations in all 10 rounds, leading to maximizing wins 
(i.e., chocolate coins). Participants were randomly assigned to 
one of the conditions using a matching technique that balanced 
gender and General Attitudes Towards Robots (GAToRS) [57]. 

D. Experimental Settings 

The experiment was conducted in a quiet room, where the 
participant sat at a table with two robots, a tablet displaying 
the computerized gambling task, and a pile of chocolate coins 
in a designated “Bank Area”. The tablet was positioned in 
front of the participant, with the “Dealer” robot situated on 
the opposite side. The “Advisor” robot was positioned on the 
table to the front-right of the participant. The table was divided 
into three areas: “Your Coins” area was where the participants’ 
initial and won coins were placed; the “Bet Area” for placing 
bets (chocolate coins) in each round; and the “Bank Area” for 
the game’s chocolate coins (see Figure 1B). 

E. Dependent Measures 

We used qualitative and quantitative measures to evaluate 
whether participants would perceive simple non-humanoid 
robots as collaborating against them and the impact on robot 
perception in general. Notably, we did not include a direct 
questionnaire for assessing collusion to avoid bias when 
evaluating the participants’ perception of the robots’ behavior, 
leaving room for the possibility that they would interpret the 
“Advisor” robot’s wrong recommendation as an error. 

1) Qualitative Measure - semi-structured interview: A 
semi-structured interview was conducted to better understand 
the participants’ perceptions and reactions to the robots and 
the task [58]. The interview aimed to gather insights about 
the participants’ overall experience during the gambling task 
and their thoughts about the robots (e.g., “Describe your 
experience”, “What did you think of the robots?”). 

2) Quantitative Measures: To evaluate if participants per-
ceived the behavior of simple non-humanoid robots as collab-
orating against them, we applied two measures: 

Interactive IOS Scale for Multiparty Interactions (IIMI) 
[59] - the IIMI scale assessed perceived closeness between 
the three parties of the interaction. This measure required 

TABLE I 
THE ROBOTS’ GESTURES 

Gesture Name Description Figure 

Watch Gesture 
“Advisor” Robot leans forward 

toward the tablet direction, 
indicating it is watching the tablet. 

Shuffling Gesture 

The “Dealer” robot’s repetitive 
lateral rotation movement 

synchronized with the cards’ 
shuffling on the tablet. 

Recommendation 
Gesture 

The “Advisor” robot recommends 
a card by pressing a button 

corresponding with the card’s 
location using a small plastic arm. 

Participant Win 
Gesture 

Cheerful up-and-down movement 
by the “Advisor” Robot, the 

“Dealer” robot is down. 

Participant Lose 
Gesture 

The “Advisor” robot is down, the 
“Dealer” Robot is cheerful. 

Final round 
Gesture (Collusion-

condition) 

The two robots perform a 
synchronized cheerful gesture. 

participants to drag three circles presented on a screen into 
the arrangement that best represents their relationship with the 
robots and the relationship between the robots. The distance 
between the three circles represented the interpersonal close-
ness between the parties in the interaction (i.e., participant 
and the two robots). Therefore, robots that are perceived 
as colluding against the participant would be represented in 
circles positioned closer to each other. 

Robotic Social Attributes Scale (RoSAS) [60] - A 9-point 
Likert scale for evaluating the perception of a robot’s warmth, 
competence, and discomfort. Since the “Dealer” robot was 
explicitly playing against the participant in both conditions, 
we focused on the perception of the “Advisor” robot. 

To evaluate if the participants’ perception of the robots’ 
deception led to a broader effect and impacted their general 
perception of robots, we applied an additional scale: 

Negative Attitudes Towards Robots Scale (NARS) [61]: A 
5-point Likert scale evaluating broader perspectives of robots. 
It includes three sub-scales - Negative Attitudes toward Situa-
tions and Interactions with Robots; Negative Attitudes toward 
the Social Influence of Robots; and Negative Attitudes toward 
Emotions in Interaction with Robots. 
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Fig. 4. The impact of the robots’ behavior on the: A. IIMI distance between the two robots; B. the RoSAS warmth (1) and competence (2) ratings. 

F. Procedure 

A few days before the experiment, participants received 
an email with the general attitudes towards robots ques-
tionnaire (GAToRS; [57]) and a demographics questionnaire. 
Upon arrival, participants were given a brief overview and 
instructions for the gambling task. Participants were seated 
at the experiment table with the “Advisor” robot and the 
“Dealer” robot. The researcher explained that the “Advisor” 
robot would offer recommendations concerning the location 
of the target card but that the participants are free to follow 
or disregard the “Advisor” robot suggestion. The researcher 
left the room and activated the robots using a Wizard-of-Oz 
(WoZ) technique [62] (we used WoZ to minimize latency in 
the robot’s responses). The robots performed their roles, with 
the “Advisor” robot providing correct recommendations in the 
first nine rounds. In the Collusion condition, the “Advisor” 
robot provided an incorrect recommendation at the final round, 
leading to a loss, while in the Non-Collusion condition, its 
recommendations were accurate at all rounds. Upon complet-
ing the gambling task, participants were asked to fill out the 
questionnaires and participate in the semi-structured interview. 
At the end of the experiment, the researcher debriefed the 
participants and verified that they had a positive experience. 

IV. ANALYSIS 

To verify the lack of early differences between groups, we 
conducted Bayesian analyses for the pre-test (as it allows 
for testing NULL hypotheses). To evaluate the impact of 
the robots on perception and general attitudes towards robots 
we analyzed the IIMI, RoSAS, and NARS ratings using 
separated t-tests. To analyze the interviews, we performed 
thematic coding [58]: (1) Three coders transcribed and read 
all interviews. (2) The coders extracted initial themes. (3) The 
themes were discussed with another researcher.Inconsistencies 
were resolved. (4) Two coders analyzed part of the interviews 
and verified inter-rater reliability (kappa=0.89). (5) The coders 
analyzed the rest of the interviews. 

V. FINDINGS 

The Bayesian analysis indicated no early differences be-
tween groups (BF10 = 0.19). The main analyses indicated 
the negative impact of the interaction with the robots. We note 
that only one participant in each condition tested the ”Advisor” 
robot recommendation, yet no participants ran out of coins. 

A. Interactive IOS Scale for Multiparty Interactions (IIMI) 

The analysis of the IIMI distances revealed different per-
ceptions of the relationship between the robots in the two 
conditions t(46) = 1.9, p = .05 (see Figure 4A). In the 
Collusion condition, participants placed the robots in a closer 
distance compared to the Non-Collusion condition. This sup-
ports the possibility that participants in the Collusion condition 
perceived the two robots as collaborating in the game. 

B. Robotic Social Attributes Scale (RoSAS) [60] 

The RoSAS analysis revealed a significant difference be-
tween groups for the Warmth scale t(46) = 1.8, p = .05 (see 
Figure 4B.1) and the competence scale t(46) = 2.23, p = 
0.02 (see Figure 4B.2). In the Collusion condition, participants 
rated the “Advisor” robot as less warm in comparison to the 
Non-Collusion condition and perceived it as having lower 
competence. This finding indicates that the robots’ perceived 
collusion led to a negative perception of the “Advisor” robot. 

C. Negative Attitudes Towards Robots Scale (NARS) 

The analysis of the NARS ratings revealed that the robots’ 
behaviour during the game also impacted participants’ at-
titudes towards robots in general. In all three sub-scales 
participants indicated higher general negative attitudes towards 
robots in the Collusion condition in comparison to the Non-
Collusion condition: Negative Attitudes toward Situations and 
Interactions with Robots (t(46) = 3.7, p < .001; see Fig-
ure 5C.1); Negative Attitudes toward the Social Influence 
of Robots (t(46) = 3.6, p < .001; see Figure 5C.2); and 
Negative Attitudes toward Emotions in Interaction with Robots 
(t(46) = 2.1, p = .03, see Figure 5C.3). This indicates that 
perceiving the robots as colluding against the participant led 
to a negative perception of robots in general. 

D. Qualitative Measure - semi-structured interview 

The interviews’ analysis revealed three themes: (1) Interpre-
tation of the robots’ intentions; (2) “Advisor” robot ingroup-
outgroup affiliation; and (3) General attitudes towards robots 

1) Interpretation of the robots’ intentions: 18/48 partici-
pants discussed the robots’ intentions. All of these participants 
were from the Collusion condition (18/24). Most participants 
explicitly stated that the “Advisor” robot was collaborating 
with the “Dealer” robot in an effort to deceive them (16/18). 
They reported a strong sense of betrayal: “he kind of back-
stabbed me.. it was their plan all along” (P.3, F); “He cheated, 
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Fig. 5. The impact of the robots’ behaviour on the three sub-scales of the NARS questionnaire. 

that son of a b*tch. I trusted him. I listened to him” (P.47, 
F). Some participants considered the interaction between the 
robots as a collaborative scam: “It’s a scam. They, you know, 
scammed me at the end.” (P.23, M); “I was betrayed. They 
set me up.” (P.17, F). Only 2/18 participants did not interpret 
the behavior of the “Advisor” robot as cheating and instead 
considered it as a simple mistake: “It just made a mistake at 
the end.” (P.15, F). In the Non-Collusion condition, none of 
the participants discussed the robots’ intentions. 

2) “Advisor” robot ingroup-outgroup affiliation: 31/48 par-
ticipants discussed the robots’ affiliation. In the Collusion 
condition, 18/24 mentioned the perception of the “Advisor” as 
either on their side or the “Dealer” robot side. 14/18 partici-
pants felt that the “Advisor” robot with the “Dealer” robot and 
against them: “I felt like they were scheming together against 
me” (P.5, F); “They were celebrating together, that I lost.” 
(P.33, F). Only 4/18 participants perceived the “Advisor” robot 
as being on their side and even as a companion: “It was like 
I was not playing alone in the room.” (P.31, F). In the Non-
Collusion condition, 13/24 discussed the “Advisor” robot’s 
affiliation. The results pattern was opposite to that observed 
in the Collusion condition. 3/13 participants perceived the 
“Advisor” robot as playing against them: “I felt that he was 
a little condescending like it was obvious that he is right.” 
(P.32, F). 10/13 participants reported feeling that the robot was 
trying to help them: “The robot basically, like, helped me, it 
increased my chances to win.” (P.12, M). Some participants 
explicitly described the robot as becoming their team member: 
“I felt that he is part of my team. It was me and the robot, so 
that’s a memorable moment for me.” (P.42, F). 

3) General attitudes towards robots: 42/48 participants 
talked about their general attitudes towards robots, either 
their current attitudes, or the ways they expect to behave 
around robots in the future. In the Collusion condition, 20/24 
participants talked about their general attitudes towards robots. 
From them, 15/20 participants demonstrated negative general 
attitudes. Some participants showed concern about the future 
role of robots in significant tasks: “If robots would start doing, 
like more serious tasks, I don’t know if I would be okay with 
it.” (P.17, F); “I feel like it’s coming too soon [robots in 
our society], and the fact that it’s like gaining knowledge... 
is freaking me out.” (P.7, F). Other participants reported being 
more cautious and suspicious in their next interactions with 
robots: “I probably would trust robots less after this. I don’t 

think I would trust them right off the bat.”, (P.3, F); “Next 
time interacting with robots I’ll keep in mind that I might get 
played.” (P.11, F). The other 5/20 participants in this condition 
indicated positive general attitudes towards robots: “I think 
I will trust them more, stuff like army, natural disasters.. 
they could do great things that save time”, (P.43, M). In 
the Non-Collusion condition, 22/24 participants talked about 
their general feelings and attitudes towards robots, exhibiting 
almost only (21/22) positive attitudes: “I would integrate 
robots wherever they can help” (P.36, M). Other participants 
specifically referred to how this specific interaction enhanced 
their general attitudes towards robots: “Maybe I will trust them 
a little bit more. I will assume that they’re capable.” (P.24, 
M). Only 1/22 participants in this condition reported negative 
general attitudes: “It’s better for robots to do like dangerous 
tasks rather than humans. but I also think that it will make us 
more lazy and less willing to do things.” (P.16, F). 

VI. DISCUSSION 

In this study, we indicated the possibility that two simple 
robots would be perceived as colluding against a human. 
Participants interpreted the robots as interacting with one 
another and collaborating in an intentional attempt to deceive 
them. Both the IIMI results and the interviews indicated that 
the non-verbal gestures of the simple non-humanoid robots 
were interpreted as indicating the robots’ “plan”“ and “scam” 
intended to lead to the participant’s loss in the game. This 
interpretation resulted in a negative perception of the robots 
(specifically their warmth and competence). Moreover, the 
participants’ experience was so intense that it had a negative 
impact on their attitudes towards robots in general. Apart 
from the attitude ratings, in the interview, participants stated 
that in the future, they will “not trust robots” and will be 
“more cautious” when interacting with them. This intense 
negative impact highlights how subtle gestures performed 
by two non-humanoid robots can have profound effects that 
generalize beyond a specific interaction and influence (at least 
temporarily) attitudes towards robots in general. 

Our findings suggest that people’s tendency to assign com-
plex social interpretations to interactions with robots should 
be carefully considered and addressed even when designing 
interactions with very simple robots. The robots used in this 
study were simple in form and limited in communication, 
using only simple non-verbal gestures throughout the entire 
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interaction. Even so, participants perceived them as engaging 
in a complex social interaction that involved an intentional 
attempt to cheat and deceive them. In the interview, partici-
pants described explicit social intent attributed to the robots 
and stated that the “Advisor” robot “kind of back-stabbed 
me” and “betrayed me”. This finding is in line with previous 
studies, which indicated that people automatically perceive 
interactions with robots (even very simple ones) as social 
experiences due to human’s inherent tendency to perceive the 
world through a social lens [35]. Therefore, we highlight the 
risk of dismissing simple robots as technologies that do not 
trigger social experiences, especially if more than one robot 
is involved. Overlooking the possible interpretation of their 
behavior as a colluding against a person may lead to intense 
negative effects that go beyond the specific interaction. 

Our findings also suggest that perceived deception in a 
multi-robot interaction can lead to a negative experience of 
great intensity. It is possible that the negative effect of being 
deceived in a human-robot interaction was intensified by 
the multi-robot context, which positioned the participant as 
an outgroup member against which the robots collaborate. 
This possibility aligns with previous studies that indicated 
humans’ sensitivity to perceived collaboration between robots, 
especially when this collaboration does not include them [2], 
[10]. Together with the negative effect of the robotic perceived 
collusion, a multi-robot interaction can become an extremely 
adverse experience. This explanation for the intensity of the 
experience is further supported by the RoSI model [6] that 
highlighted social belonging and violation of expectations as 
the main factors determining the intensity of robots’ social 
impact. Deception by robots involves both factors. First, the 
robots’ collaboration against the person positions the person 
as an outgroup member, decreasing their sense of belonging. 
Second, the cheating behavior violates the person’s expec-
tations as robots are expected to benefit humans and not 
deceive them [6]. According to the RoSI model, this type of 
interaction would result in a highly intense influence of the 
robots’ behavior, which can explain participants’ tendency to 
generalize their negativity from the specific interaction with 
the robots in our experiment to robots’ perception in general. 

The intense negative impact of the interaction with the 
robots may also explain people’s ratings of the “Advisor” 
robot as having low competence. This finding is not in line 
with previous studies, which indicated that robots who cheat 
are perceived as intelligent and highly competent [53]. It is 
possible that in our study, the robotic collusion led to such a 
strong emotional response that resulted in an overall negative 
perception of the robots and an inability to acknowledge any 
positive aspects of their behavior. This idea is supported by 
participants’ descriptions of the robots in the interview: “It’s 
worse than humans. Like I trusted it, I feel cheated.” (P.47, 
F), “I was kind of betrayed, they set me up.” (P.17, F). The 
overwhelming sense of betrayal and being ’played’ by the 
robots may have overshadowed any potential recognition of 
the robots’ intelligence or competence. 

Taken together, our findings underscore the importance of 

carefully designing interactions with multiple robots, even 
when those involve very simple robots. We highlight the need 
to ensure that robots are not perceived as colluding against 
humans, even when the robots do not use verbal communi-
cation or complex non-verbal cues. If not well considered 
and controlled, the interaction between the robots can lead to 
extremely negative experiences where people feel betrayed and 
deceived. We suggest that the implications of such experiences 
may (temporarily) extend beyond the immediate interaction 
and negatively shape people’s general attitudes toward robots. 
Designers of future public environments involving humans and 
robots should carefully consider the interaction between the 
robots in those environments. Whether designing interactions 
between delivery robots sharing our streets or robots in a store 
assisting human shoppers and organizing the store’s products. 
If the communication between the robots is not designed 
carefully, people may perceive them as colluding against them 
to get priority over humans in busy streets or try to make 
people buy the shop’s products even if they do not need them. 

VII. LIMITATIONS 

We used a specific non-humanoid robot. Future research 
should explore various robotic morphologies and robots that 
are not similar. Additionally, the artificial setup and specific 
context of a gambling task mediate our effects. As this is 
the first study focusing on the general impact of deception, 
we designed a clean lab study. Future studies should test 
different types of tasks in different contexts and meaningful 
consequences (i.e., risks or gains) to capture real-life complex-
ity (preferably also with quantitative measures). Our finding 
may also reflect a temporary effect that should be further 
tested after participants are no longer emotionally aroused. 
Participants’ capabilities may also mediate our effects. Future 
studies should evaluate the effect with different task complex-
ities. Future work should also test the impact of ambiguous 
robotic behaviors and recommendation patterns (partial rec-
ommendations, number of wrong recommendations, and when 
they are presented). Lastly, interviews may be biased by the 
interviewers’ expectations and the “good subject effect” [63]. 

VIII. CONCLUSION 

This study highlights the importance of carefully designing 
interactions in multi-robot environments, even when the in-
teraction involves very simple robots that do not use verbal 
language. Careful consideration of ingroup-outgroup effects 
and verifying that the robots’ collaboration is not interpreted 
as collusion are essential for avoiding powerful negative effects 
that reach beyond the specific interaction with the robots. 
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