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Fig. 1. This paper explores the relationships between the Sense of Agency (SoA) and System Assistance (XP1), Task Performance (XP2),

and System Predictability (XP3) using a drag-and-drop task in which users moved Toio
TM

robots onto targets. (a1) In XP1, we varied

the system assistance through the combination of 4 Autonomy (Ainert, Asnap, Astop, and Atrg) levels × 2 Proxy (Pw/o and Pwith) levels

resulting in 8 Types of assistance, to which we added a Baseline (with its own Acmplt autonomy and Pobs proxy levels). (b1) In XP2,

the task performance varies with the targets’ size and distance (task Difficulty). We dropped the Pw/o level and tested the remaining

5 Types of assistance (including the Baseline) on 2 task Difficulty (Easier and Harder) levels. (c1) In XP3, the system predictability

varies with two types of trajectories (system Predictability). We tested the same 5 Types of assistance (including the Baseline), as in

XP2, on 2 system Predictability (Straight and Noisy) levels. (a2), (b2), and (c2) summarize the takeaways of XP1, XP2 and XP3.
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Abstract

Swarm UIs provide assistance to support users in their tasks and are increasingly explored in HCI. This paper studies
the extent to which this assistance impacts users’ sense of agency. A reduced sense of agency can lead to non-use of
the interface or a diminishing sense of responsibility regarding the consequences of users’ actions. We conduct three
experiments studying the impact of three factors on the sense of agency: the level of assistance, the task difficulty, and
the predictability of modules. Our nine assistance levels vary in system autonomy and module coordination (proxy
vs. no proxy). We find that higher assistance reduces users’ sense of agency, and this effect is not impacted by task
difficulty. Predictability only impacts the least assistive interaction techniques. Our results will foster users’ acceptance,
responsibility, and use of swarm UIs.

1 Introduction

Swarm UIs are interfaces made up of several modules that can move independently, without needing to be physically
connected to one another. They operate collectively and respond to user commands as a group [67]. These interfaces
enable new ways for users to enter commands to the system [20, 57, 67, 80, 87, 108], or for the system to provide feedback
to users [58, 59, 67, 108]. The actuation allows swarm UIs to provide assistance to users. For instance, actuated modules
can behave autonomously, or follow the movement of another module, as illustrated in recent HCI research [67].

We currently do not know the effect of such assistance on users’ sense of agency (SoA) (Figure 1a1) –that is, the
feeling of controlling an action and its effects in the environment [49]. For example, too much assistance could lead to a
loss of control for users. The problem we address in this paper is the lack of balance between the assistance provided by
Swarm UIs and users’ SoA.

Additionally, the SoA may be influenced by two other factors: (1) users’ task performance [54, 77, 115, 122] and (2)
the predictability of the response of the swarm [23, 24, 101, 102, 123]. First, on the one hand, users’ task performance can
decrease with increasing task complexity [40], which in turn may reduce their SoA [77]. On the other hand, assistance
can make up for increased task complexity, e.g., trajectory correction, and could therefore improve users’ SoA [54, 122].
We currently do not know the combined effect on users’ sense of agency of assistance and performance of swarm
UIs (Figure 1b1). Second, a mismatch between users’ predictions and the actual system response can decrease the
SoA [24, 101, 102] –such as when turbulence happens in the system movement [102]. Assistance could worsen the
predictability of swarm UIs, and further reduce users’ SoA. We currently do not know the combined effect on users’ SoA
of assistance and predictability (Figure 1c1). This paper addresses the following research question: To what extent does
the assistance provided by swarm UIs lower the users’ sense of agency and how task performance and system predictability

modulate this effect?

Answering this question is crucial, as a reduced SoA can lower users’ perceived responsibility for the outcomes of
their actions [22]. This is especially critical for high-stakes applications –such as surgery [104] or search-and-rescue
coordination [52]– where users must retain a sense of control to make informed decisions taking into account any
potential consequences. Moreover, user’s ability to maintain control over a system impacts its acceptability [100].

A consensual grand challenge in shape-changing UIs is to be able to isolate experimental factors and to take into
account concepts from Human-Robot Interaction [1]. To achieve this goal, we defined nine assistance types based on
examples found in the literature [57, 67, 80, 87, 108]: eight assistance levels and one baseline shown in Figure 1. We
structured these types along two factors: (1) the degree of modules’ autonomy at different stages of the task, and (2)
whether or not the swarm’s movement is controlled through a single module (i.e., a module serving as a proxy for users
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to control the satellite modules). We experimentally measure the impact on the SoA of these assistance types, as well as
the impact of task difficulty –or users’ performance–, and predictability of modules’ trajectory (Figure 1).

To do so, we conducted three experiments (total N=105, each N=35) in which participants were asked to increase the
size of a square made of a swarm of ToiosTM [111] to a target size. The first experiment studies the impact on the SoA of
the assistance type across our nine levels, from modules with no autonomy to fully autonomous modules. The second
experiment studies the combined impact on the SoA of the assistance type and the difficulty of the task –through the
position and the size of the target [40]. The third experiment studies the combined impact on the SoA of the assistance
type and the predictability of the modules’ trajectory.

This article presents the following contributions: First, we provide the first empirical evidence of a decrease in SoA
with increasing assistance in the context of swarm UIs. Second, we are the first to shed light on three novel types of
SoA that are specific to swarm UIs, when using a proxy: (a) a sense of agency for the proxy module, (b) one for the other
modules in the swarm (satellites), and (c) one for the swarm as a whole. Third, we are also the first to show that the task
difficulty has no impact on the SoA for swarm UIs, and that the predictability of the modules’ trajectory impacts the
SoA of the whole swarm, but not the ones of the proxy and satellite modules. This paper provides advice for swarm UI
designers to introduce assistance while preserving users’ SoA, therefore promoting users’ responsibility and interface
adoption.

2 Related Work

We review studies at the intersection between system assistance, swarm UIs, and sense of agency.

2.1 System assistance

Many applications introduced assistance to help users perform their tasks, such as driving [34, 73], text/image/video
editing [46], or target acquisition (e.g., [29, 36]). In this section, we focus on assistance provided with swarm UIs.
Assistance is the degree of autonomy left to a system to help the user perform a task. Sheridan et al. [99] suggest ten
assistance levels based on the system automation, from no assistance (i.e., without automation, level 1) to complete
assistance (i.e., full automation, level 10). Levels 2 to 4 define the balance between agents (human vs. system) in making
decisions. Levels 5 to 7 define how the system performs the action. For example, Walker et al. [119] applied two of these
assistance levels to swarm interfaces controlled by a graphical interface. However, all these levels have been established
for teleoperated systems, as opposed to direct interaction with swarms that we study in this paper.

To identify levels of assistance relevant for direct manipulation of swarm UIs, we searched for examples in prior work.
In addition to a systematic literature review [90], we additionally studied more recent work [56, 91], and work conducted
in broader contexts (e.g., drones [20, 52] or larger robots [80]). From these papers, we kept the ones presenting usage
scenarios [20, 44, 59, 67, 107, 108] and interaction techniques [29, 52, 56, 58, 59, 80, 91, 122], including those suggested
by users [57, 87]. In this set of papers, we found that swarm UIs can:

(1) Be completely inert [44, 57]. In this case, the user must move each module manually, for instance, to create a
secret code [44].

(2) Be completely autonomous, triggered either by users [57, 58, 87, 107, 108] or by the system [20, 59, 108]. For
instance, when reading a book, pressing on a word can make the swarm UI take the form of the word being
read [107, 108].
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(3) Assist the users by letting the system do most of the task, but allowing the users to stop the automation whenever
they want [52, 57]. For instance, in a study on drones for victim search, automation was found beneficial, but
users must retain the ability to take action at any moment [52].

(4) Assist the user in achieving their goal, for example by improving final accuracy [122], correcting trajectories [122],
or speeding up task completion by finalizing the objective [29].

(5) Reduce the user’s physical or cognitive effort. In this case, the swarm UI may be perceived as a coordinated
group, where the movements of one or several modules guide the behavior of the swarm. The user directly
manipulates only a limited number of modules in order to interact with the entire swarm or with subgroups [44,
57, 67, 80, 86, 91]. For example, the user can move a single module freely, while the swarm imitates the motion
of this proxy module [57, 67, 80, 91].

We base the levels of our experimental variable on these assistance levels.

2.2 Swarm UIs

The actuation of swarm UIs enabled researchers to explore interaction techniques for their control [57, 80, 87], users’
perception of their speed, their motion types, and haptic feedback [35, 58, 59], as well as potential use cases [20, 67, 108].
Prior studies focus on identifying effective interaction techniques but overlook users’ feelings, such as emotion or sense
of control. However, how people feel about a UI can strongly impact its adoption [81] and use [63, 71].

Prior work studied users’ emotional perception of swarm UIs as a function of the modules’ speed, fluidity, synchro-
nization, or movement force [37, 58, 59, 64]. Kim and Follmer [59] investigated perception during social contact through
remote touch via a swarm UI. Participants were instructed to control the swarm by moving their dominant fingers
on a touchscreen to create a haptic pattern for each social interaction. After each trial, they were asked to rate the
ease of control. Here, ease of control was therefore evaluated for touchscreen control, which is indirect and external to
the swarm interface. Yet, eliminating the need for a third-party interface would enable numerous additional use cases
through direct interaction with the robotic modules, as in [44, 57]. While these prior work studied the affective and
subjective perception of swarm UIs, we found no prior work on the sense of agency.

2.3 Sense of agency (SoA)

The sense of agency is defined as the perception of control over one’s own actions and, through these, over events in
the external world [49]. It is considered a key factor in the adoption [81] and use of interfaces [71]. Moreover, SoA is a
key factor in assigning causal responsibility and can have a drastic impact on users’ engagement in their tasks [12]. For
these reasons, an interface must allow users to maintain a sense of internal control [100]. In other words, users must
have the feeling that their actions are at the origin of the system’s responses.

2.3.1 SoA and HCI. HCI recently studied sense of agency [13–15, 71, 75, 82], for instance, to compare interaction
techniques such as on-skin vs. physical buttons [16, 17, 29], or to evaluate the benefits of vibrotactile feedback [95].
These studies measured the SoA either implicitly [13–17, 29, 71, 75, 82] or explicitly [13–16, 71, 82, 95]. On the one hand,
among the implicit measures, the intentional binding constitutes one of the main markers of SoA. Intentional binding
leverages the fact that voluntary actions and their sensory effects are perceived as being temporally closer to each other,
compared to the effects of involuntary or reflex actions [50]. Although questioned in the literature [61, 105, 110], this
time compression remains one of the most robust markers of the SoA.
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On the other hand, one can explicitly measure the SoA by asking users to quantify via a Likert scale the extent to
which they felt at the origin/in control of the events [18, 27, 28]. Although it may be sensitive to the expectations of
participants, explicit measurements are a more direct measure of control experience and have the advantage of being
simpler to implement than the intentional binding. In our study, we use the explicit measurement.

In this paper, we study the impact on the SoA of the assistance type, the user’s performance, and the predictability
of the system. We now review prior work on the SoA exploring the predictability of the system, the performance when
performing the task, and the assistance the system provides users to perform tasks, in particular when they cooperate.

2.3.2 SoA, Predictability and Performance. The sense of agency is a subjective experience that seems to depend on
multiple cues [109]. Among these cues, the level of performance achieved, the effort put in, and the predictability of
our actions seem to play a major role. Previous work showed a reduced SoA when the system behaves in unexpected
ways [23, 24, 101, 102, 123]. However, no prior work studied the combined impact on users’ SoA of the predictability
(e.g., trajectory errors or bugs) and the level of assistance.

Conversely, prior work showed that performance can modulate the SoA [54, 77, 115, 122]. For example, van der
Wel et al. [115] demonstrated that performance was positively associated with SoA: the higher the performance, the
stronger the participants’ SoA. The authors suggested that improved task performance likely leads to greater alignment
between participants’ performance expectations and their actual outcomes, thereby reinforcing SoA. This interpretation
is consistent with the idea that SoA increases when the expected and actual consequences of one’s actions coincide.
However, the system assistance, which could improve performance, could also strengthen the users’ SoA.

Moreover, prior work examined the relationship between SoA and task effort. While prior work showed that greater
physical effort seems to lead to an increased SoA [32, 78], others showed that greater cognitive effort seems to lead to
a decreased SoA [10, 11, 53]. Increasing the number of possibilities offered could decrease the subjective effort and
improve the SoA [10].

Our experiments will explore the respective impact of robot predictability and performance on SoA while interacting
with swarm UIs.

2.3.3 SoA and Assistance. Beyond the impact of predictability and performance, our main interest concerns the impact
of the level and type of assistance on users’ sense of agency. Prior work suggests that high levels of assistance may
reduce the SoA [29, 71, 114, 126, 127]. Coyle et al. [29] investigated the effect of system assistance on the SoA in a
target acquisition task. Their system provides assistance through a force drawing the cursor towards the target. Their
results suggest that the SoA decreases as the assistance increases. Moreover, Berberian et al. [15] investigated the effect
of system assistance in an aircraft supervision task. The assistance improved gradually from full control by the operator
to full control by the system. Their results suggest a strong and gradual decrease in SoA when assistance improves.

Prior work also examined the effects of assistance, mental workload, and time delay on intentional binding when
triggering a sound via a button [126, 127]. Results indicate a decrease in the SoA when assistance increases, regardless
of the mental workload. Wen et al. [122] showed that, when task performance is taken into account, the SoA tends to
increase with better performance, regardless of the assistance level. This suggests that assistance can impact the SoA
either directly or indirectly by reinforcing performance. However, Ueda et al.[114] showed that this effect holds only
up to a breaking point: when system assistance becomes excessive, the SoA decreases even if performance remains
high. This implies that an optimal balance must be found between automation, performance, and SoA to foster effective
between the system and the user [12, 13, 114].
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It is important to note that these studies were conducted in the context of graphical interfaces. In the case of swarm
UIs, the introduction of direct physical manipulation of modules may challenge existing findings on the sense of agency.
As shown above, physical involvement in the task may increase users’ SoA. Moreover, these studies considered the
system as a tool rather than as a cooperative partner. The next section presents how the SoA is impacted by such a
cooperation between users and a swarm.

2.3.4 SoA and Cooperation. Cooperation happens when “two or more individuals work together toward the attainment
of a mutual goal or complementary goals” (APA [6]). Prior work studied the impact of cooperation on the sense of
agency, in the case of cooperation between humans [82, 105] and between humans and machines [27, 28, 47, 83, 93, 96].

In social situations, a particular type of SoA emerges whenever the consequences of an individual’s actions are
linked to those of a partner [103]. The concept ofWe-Agency [82, 83] suggests that individual SoA can dissolve into
a joint sense of agency when actions are performed cooperatively. However, this dissolution has been criticized due
to insufficient empirical support [66]. When pursuing a common goal, studies show that joint SoA does not replace
individual SoA, but supplements it through the development of (1) a shared sense of agency [66] and (2) a vicarious
sense of agency for the partner’s actions [82, 105].

Obhi and Hall [83] investigated which of these was at play when cooperating on a task with a computer [83].
Participants performed a joint action either with a human or with a computer. The authors measured the SoA indirectly
and asked participants to estimate who was responsible for the action. The SoA for the co-agent’s actions appeared
when the partner was human, but not when it was a computer. Similarly, Sahaï et al. [97] studied participants’ SoA in
a Simon Social task [? ] under three conditions: individually, in cooperation with a human, or in cooperation with a
computer. The results showed that participants had a vicarious SoA when cooperating with humans, but not when
cooperating with computers.

Another hypothesis is the distribution of SoA among partners. Prior work showed that the individual SoA tends
to decrease during joint action, being redistributed to other human partner [18, 72, 92, 128] or to robotic partner [27].
Such distributed and joint SoA can only emerge in synchronous tasks, i.e., when the behavior of other agents aligns
with one’s expectations [69, 92].

However, on the contrary to the systems considered in the above studies, swarm UIs can physically move in space to
perform an action, creating a sensory effect similar to human actions [93].

Prior work investigated the SoA when cooperating with robots [27, 28, 47, 93, 96]. In most cases, prior work shows a
negative effect of the robotic partner on the SoA compared to the absence of a partner [27, 28, 47, 96]. However, Roselli
et al. [93] compared the SoA when the robotic partner physically performs the task, or when the same system was
physically present but performed the task without physical motion. The results showed a vicarious sense of agency for
the physical action, while it decreased when the task was performed without physical motion. Similarly, Sahaï et al. [96]
compared the SoA for three types of partners: (1) a servomotor, (2) a humanoid robot, and (3) a human. Results showed
a significant difference between the three types of partners (human > humanoid robot > servomotor). This suggests
that the type of autonomous system involved in the cooperation task has an effect on the SoA.

However, in these studies, partners did not interact with each other when cooperating. On the contrary, in existing
swarm UIs, users can directly interact with the modules to achieve their goal (e.g., [57, 67, 108]). Moreover, as opposed
to swarm UIs, prior studies focused on a single robot. To the best of our knowledge, no prior work investigated the
impact on SoA of the assistance provided by a swarm UI during a cooperative task yet.
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We now present three experiments, sharing similar procedures, apparatus, and experimental design (Figures 1a1, 1b1
and 1c1).

Across these experiments, we explore the impact of the assistance on users’ sense of agency when interacting
with a swarm UI (Experiment 1), and how this is further impacted by performance (Experiment 2) and predictability
(Experiment 3).

3 Experiment 1: Effect of the Type of assistance on SoA

3.1 Method

The aim of this experiment is to evaluate the impact of the assistance provided by a swarm of robots on the users’ sense
of agency. To do this, participants performed a drag-and-drop task to resize a circle made of robots. They dragged robots
initially arranged in a circle at the center of a platform, and dropped them into a circular target (6 cm in diameter)
positioned 15.5 cm away (center to center) in front of each robot (Figures 2 and 3).

Target Modular robotic 
swarm interface: Toio

Toio Mata

Computer with questionnaire

b

Fig. 2. Experimental setup: (a) Swarm UI consisting of 4 Toios modules, in a square starting position, in front of their gray target

vertex, (b) Participant dragging a module, before they answer our sense of agency questionnaire on the right.

3.1.1 Participants. We recruited 35 participants by e-mail (18 self-identified as women, 17 as men, M = 29.26 y.o., SD =
7.57). Each participant received a €15 gift voucher. Eighteen work in IT and 17 in other fields.

3.1.2 Apparatus. We used four rectangular ToioTM robots [111] (3 cm × 3 cm, height of 2 cm). We considered using
more robots, but four was the limit to keep the experiment within an acceptable length (90 min on average). The Toios
were controlled by Bluetooth via the Toio SDK for Unity [79]. We used Unity 2021.3.0f1 on a MacBook Pro M1 Max.
To enable future replication, we provide the code of our experimental software in the supplementary material. The
robots and their mat were placed on a table in front of the participants (Figure 2). To project the targets onto the mat,
we placed a video projector above the mat.

3.1.3 Experimental Design. We used a within-subjects design, with two independent variables and one main dependent.

Independent Variables: Autonomy and Proxy. Our first experiment involves two independent variables controlling
the assistance provided by the Toios: Autonomy and Proxy. We call a Type of assistance a combination of the
Autonomy × Proxy factors (Figure 1a1).
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We also added the “complete” Type of assistance (Acmplt × Pobs) as our Baseline: in this condition, the participants
do not interact with the robots while they move towards their targets. In the results, we consider it as a distinct Type
of assistance level, as well as a distinct Autonomy level and a distinct Proxy level.

Autonomy. The participants drag-and-drop the robots into their targets in five different ways (lines of Figure 3):

Inert (Ainert) The robots are completely inert (i.e., no autonomy). Participants drag each robot from its initial position
and drop it on their target. Participants control the activation, the end of the movement, and its trajectory.

Snapping (Asnap) The robots are semi-autonomous. Participants slide each robot from its initial position to the
vicinity of its target. When the robot is sufficiently close to its target (i.e., within 9.5 cm of the target center),
it moves autonomously to complete its movement (i.e., enters the target on its own). Participants control the
activation and most of the trajectory.

Stoppable (Astop) The robots are semi-autonomous. Participants initiate the movement of each robot by clicking on
it. The robot then moves autonomously towards its target. Participants then stop the robot by holding it still for
150 ms, when it has reached its target. Participants control the activation and end of the movement.

Triggered (Atrg) The robots are highly autonomous. Participants initiate the movement of each robot by clicking on
it. The robot moves autonomously to its target. Participants control the activation, but not the end of movement
or its trajectory.

Complete (Acmplt) This level is the Baseline of the Autonomy factor. The robots are completely autonomous.
Participants do not interact with the robots. All at once, the robots move autonomously towards their targets.
Participants have no control over the activation, trajectory, or end of movement.

Proxy. The robots imitate or not the movements of a leader, called Proxy (columns of Figure 3) :

Without Proxy (Pw/o) Participants interact with each robot to complete the task. All robots behave as described
above, according to their level of Autonomy.

With Proxy (Pwith) Participants interact only with the proxy robot to drag and drop all of them into their targets.
Only the proxy robot behaves as described above in the Autonomy levels. The other robots, called satellites [44],
mimic the proxy robot’s movements to reach their target. Participants define the proxy robot by clicking on it
at the beginning of the task.

Observation (Pobs) This level is the Baseline of the Proxy factor. Participants do not interact with any robots.
Participants only observe the robots. All at once, the robots move autonomously to their target.

Dependent Variable. Our dependent variable is participants’ Sense of Agency (SoA) on the modules’ movement1.
We measure the overall SoA for each Type of assistance with the question “How much control did you have over the
robots’ movements?” using an 8-point Likert scale [27, 28]. We also measure the SoA on the proxy and satellites for the
Types of assistance Pwith by the questions “How much control did you have over the Proxy movement?” and “How
much control did you have over Other robots’ movements (satellites)?” using the same scale.

We choose a protocol with an explicit measurement of the sense of agency. As discussed in the related work
(section 2.3.1), it is quick to set up, unlike implicit techniques, such as the intentional binding, and is the most direct
measure of sense of agency [33].

1For more condensed writing, we omit the phrase “on modules’ movement” in the rest of the paper.
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TYPE OF ASSISTANCE
                                                                                                                                    PROXY

WITHOUT PROXY (PW/O) 
(used in XP1)

WITH PROXY (PWITH) 
(used in XP1, XP2 and  XP3)

INERT (AINERT) 
Not autonomous

SNAPPING (ASNAP) 
Semi-autonomous

STOPPABLE (ASTOP) 
Semi-autonomous

TRIGGERED (ATRG) 
Highly autonomous

BASELINE
                                                                                                                                    PROXY

COMPLETE (ACMPLT) 
Completely 
autonomous
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Fig. 3. Each Type of assistance (Autonomy × Proxy) illustrated for the drag-and-drop task. In line, each level of Autonomy is reported

and in column each level of Proxy. The representation of the Baseline (Acmplt × Pobs) is in the last table. The XP with the number

specified the experiment where the assistance type is used.

At the end of the experiment, we additionally asked participants to rank the nine Types of assistance according to:
(1) their preference, (2) their sense of control (i.e., sense of agency), (3) perceived performance (speed and accuracy), and
(4) ease of use: “Rank the 9 methods according to your preferences (resp. your sense of control, perceived performance
(speed and accuracy), ease of use). Explain your choices aloud.” The scale ranged from (1) favorite / total control / very
good / very easy, to (9) least favorite / no control / no performance / very difficult. Their spoken explanations were
recorded.

We additionally asked a question concerning their feelings about the success of the task to check that the trial went
well: “How did you feel about the success of the task?”

3.1.4 Hypotheses: effect of Types of assistance on SoA. For the first experiment, we made the following hypotheses:

Hyp1.1 The higher the level of Autonomy (i.e., complete autonomy), the lower the SoA.
Hyp1.1

bis
For semi-autonomous levels (i.e., Asnap and Astop), having control over a large part of the journey rather

than just the end of the movement reinforces the SoA.
Hyp1.2 SoA Pwith is lower than Pw/o.
Hyp1.3 The SoA is higher for the module used as a proxy than for satellite modules.

3.1.5 Procedure. The experiment is divided into two phases: (1) a training phase, and (2) an experimental phase. At
the start of the session, participants read and signed an informed consent form. For the duration of the experiment,
participants sat at a table on which we placed the Toios mat (Figure 2).
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The task performed by the participants is to position four Toios –without lifting them– in their respective targets as
quickly and accurately as possible. This drag-and-drop task is illustrated in Figure 3. At the start of each trial, the Toios
position themselves in a circle in the center of the mat. A target is projected in front of each robot (i.e., a circular gray
area 6 cm in diameter, 15.5 cm apart). The test begins when the computer emits a sound. Each target turns green when
the corresponding robot is entirely within the circular target area. If the robot leaves the target, it turns gray again.
Once all targets have turned green, the computer emits a sound to indicate validation and the end of the trial. For the
Pwith condition, when the proxy robot is selected –by clicking on it– it emits a sound and its LED lights up for 500 ms.

The purpose of the training phase is to familiarize participants with the task and with each Type of assistance.
Participants train on each Type of assistance in the same order for each participant: (1) Ainert, (2) Asnap, (3) Astop, and
(4) Atrg. All levels of autonomy are presented first in the Pw/o condition, then all in the Pwith condition. The Baseline
(Acmplt × Pobs) was presented at the end. For each Type of assistance, we orally remind the participants how to
interact with the Toios. Participants then performed the task at least once for each Type of assistance. If necessary,
they repeat the trial until they fully understand the Type of assistance and feel comfortable with it.

The experimental phase is divided into 12 blocks. In each block, participants experience each Type of assistance.
Their order is randomized within each block. At the start of each trial, the experimenter orally reminds a short reminder
sentence to instruct participants how to interact with the Toios, according to the current Type of assistance.

At the end of each task, participants were asked to answer the questionnaire described in section 3.1.3.
This first experiment lasted on average 90 min (min 75 min, max 110 min).

3.2 Data analysis

To test our hypotheses (section 3.1.4), we aggregate the SoA scores by participant and by Type of assistance using the
mean. As the aggregated data, after Greenhouse-Geisser correction, verified normality and sphericity (see Supplementary
Materials), we report a two-factor repeated measures ANOVA (Autonomy × Proxy) to determine the significance of
our two main factors and their interaction. We then run Tukey post hoc tests for our two factors and their interaction,
to determine the significance of differences between each condition. For ANOVA (Autonomy × Proxy) and post-hoc
tests, for each participant, we subtract their baseline SoA score. This gives us the gain in sense of agency compared
with a fully autonomous system. For all our significance tests, we use the threshold commonly used in the community
of 0.05 for our p-value.

We illustrate our results using the estimation technique based on means and 95% confidence intervals (CIs) –reported
between [square brackets] in the text and by error bars in the figures. We also use pairwise differences: (1) between our
factor levels and baselines (i.e., Acmplt and/or Pobs), and (2) for Types of assistance With Proxy, between the proxy
score and the satellite score. These techniques are recommended by the scientific community [7, 38], and in particular
by the Group on Transparent Statistics [112].

To avoid unintentional false positive inflation of our results [41], we registered this experiment before we collected
any data [3].

3.3 Results Experiment 1: Effect of the Type of assistance on SoA

In this section, we present the results for the effect of each Autonomy, Proxy, and Autonomy × Proxy (i.e., Type of
assistance) on SoA, and the effect of the modules’ role for Autonomy Pwith on SoA (i.e., proxy module vs. satellite
modules).

https://transparentstatistics.org
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We report the complementary results for the perceived error rate, and rankings based on preference, sense of control,
perceived performance, and ease of use in Appendix F.

3.3.1 Effect of Autonomy and Proxy on Sense of Agency (Hyp1.1, Hyp1.1bis and Hyp1.2). Figures 4a, 5a, and 6a
respectively show the SoA ratings according to the Autonomy and Proxy conditions, and their interaction (Autonomy
× Proxy).

We report their means and CIs in Appendix A. The two-factor repeated measures ANOVA with the Greenhouse-
Geisser correction shows:

• A large significantmain effect of the Autonomy factor (Hyp1.1 supported, F (1.88,63.84)=74.5, p <.001,𝜂2𝑝 = .254,
means and CIs in Appendix A.1),

• A small but significant main effect of the Proxy factor (Hyp1.2 supported, F (1,34)=28.5, p <.001, 𝜂2𝑝 = .036,
means and CIs in Appendix A.2),

• A small but significant interaction effect (Autonomy × Proxy) (F (2.30,78.14)=16.9, p<.001, 𝜂2𝑝 = .010, means
and CIs in Appendix A.3).

Post hoc tests show that the levels of Autonomy are significantly different from each other (post hoc tests reported
Appendix B.1). Figure 4a shows a drop in SoA as Autonomy increases. Each level shows a higher SoA than the Baseline
(pairwise differences greater than 0 in Figure 4b). These findings support Hyp1.1 and Hyp1.1

bis
.

Figure 5a shows that the SoA is greater Pw/o than Pwith, and greater Pwith than Pobs (i.e., the Baseline). Each level
shows a higher SoA than the Baseline (pairwise differences greater than 0 in Figure 5b). These findings support
Hyp1.2.

On the one hand, the SoA is significantly higher than the Baseline as soon as the user interacts with at least one
module, regardless of the type of Autonomy. On the other hand, controlling only one module (rather than all of them)
has a significant negative effect on the SoA.
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Stoppable

Triggered

Complete

No control Full control
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7 6 1 0 1 2 3 4 5 6 7
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- Complete

Snapping
- Complete

Stoppable
- Complete

Triggered
- Complete

//

< Complete > CompleteNo difference

b

Fig. 4. Sense of Agency (SoA) depending on Autonomy. Error bars represent bootstrapped 95% confidence intervals.

(a) Average SoA scores depending on Autonomy. (b) Pairwise differences in SoA depending on Autonomy. The difference is with the

baseline: Acmplt.

For each Autonomy, the differences between Pw/o and Pwith are significant (Appendix B.2). Figure 6a illustrates the
interaction between Autonomy and Proxy, and shows that the SoA increases between levels of Autonomy with a
small gap between Pw/o and Pwith for each Autonomy.

These results suggest that even if a general trend emerges, the verification of Hyp1.2 seems mainly due to the
difference between Pw/o and Pwith for Ainert.
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Fig. 5. Sense of Agency (SoA) depending on Proxy. Error bars represent bootstrapped 95% confidence intervals. For more condensed

writing, Pw/o is named “Without Proxy‘’ and Pwith is named “Proxy‘’.

(a) Average SoA scores depending on Proxy. (b) Pairwise differences in SoA depending on Proxy. The difference is with the baseline:

Pobs.
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Fig. 6. Sense of Agency (SoA) depending on Type of assistance. Error bars represent bootstrapped 95% confidence intervals. For more

condensed writing, Types of assistance Pw/o are named only by the name of the Autonomy and Types of assistance Pwith are named

as follows: “name of the Autonomy Proxy”.

(a) Average SoA scores depending on Type of assistance. (b) Pairwise differences of the SoA according to the Type of assistance. The

difference is made with the Baseline: Acmplt × Pobs.

3.3.2 Effect of the Module’s Role on the Sense of Agency (Hyp1.3). Figure 7a shows that the SoA increases as the
Autonomy decreases. The gap between the SoA of the proxy module (in gray on Figure 7a), the satellite modules (in
orange on Figure 7a), and the swarm (in green on Figure 7a) decreases with Autonomy. Moreover, for each Autonomy
level, the SoA of the proxy is higher than the satellites and the swarm; and the SoA of the swarm is higher than the
satellites. We conducted a two-factor repeated measures ANOVA (Autonomy × Module’s Role) with Greenhouse-
Geisser correction. The levels of Module’s Role were: proxy, satellites, and swarm. The results show:

• A significant main effect of the Autonomy factor (F (1.70,57.96)=61, p <.001, 𝜂2𝑝 = .174),
• A significant main effect of the Module’s Role factor (F (1.17,39.76)=46.6, p <.001, 𝜂2𝑝 = .183),
• A small but significant interaction effect (Autonomy × Module’s Role) (F (2.46,83.79)=23.2, p<.001, 𝜂2𝑝 = .019,

means and CIs in Appendix A.4).

The post-hoc tests show that the pairwise differences between the proxy, the satellites, and the swarm are significant
(Appendix B.3). The proxy has the highest SoA (M = 5.98, 95% CI [5.69, 6.26]), the swarm shows a slightly lower SoA (M
= 5.29, 95% CI [5.01, 5.56]), and the satellites have the lowest SoA (M = 3.88, 95% CI [3.54, 4.23]). Moreover, for each
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Autonomy, the differences between the proxy, the satellites, and the swarm are significant, except between the satellites
and the swarm for Atrg (Appendix B.4). These findings support Hyp1.3.
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Fig. 7. Sense of Agency (SoA) depending on Autonomy and the role of modules in movement coordination (proxy module vs. satellite

modules). Error bars represent bootstrapped 95% confidence intervals. For more condensed writing, Pwith is named “Proxy”.

(a) Average SoA scores depending on Autonomy and the role of modules in movement coordination (proxy module vs. satellite

modules). (b) Pairwise differences in SoA according to the role of modules in movement coordination (proxy vs. satellite modules).

The difference is between the SoA score for the module that was the proxy module and the SoA score for the modules controlled

through the proxy module (satellites).

In this experiment, we mainly demonstrated the impact of Autonomy on the SoA (Hyp 1.1) for swarm UIs. We also
showed that SoA Pwith is lower than Pw/o (Hyp 1.2). The SoA is higher for the module used as a proxy than for satellite
modules (Hyp 1.3).

As Type of assistance can impact the performance, and, in turn, performance can impact the SoA, the next
experiment studies the combined effect of Type of assistance and performance on the SoA.

4 Experiment 2: Combined effect of task Difficulty and Type of assistance on SoA

4.1 Method, Apparatus and Data Analysis

The aim of this experiment is to evaluate the combined impact of the task Difficulty and the Type of assistance
provided by the UI on the sense of agency. According to Fitts’ law, increasing the targets’ distance and decreasing
their size will increase participants’ movement time, and therefore increase the task difficulty. Based on related
work [54, 77, 115, 122], we expect a decrease in SoA when the difficulty of the task increases. To verify this, we used
the same experimental task as in Experiment 1 (Figures 2 and 3).

The apparatus was the same as in Experiment 1 (Section 3.1.2).
We used the same approach for data analysis as in the first experiment (Section 3.2). To avoid unintentional false

positive inflation of our results [41], we registered this experiment before we collected any data [5].

4.1.1 Participants. We recruited 35 participants by e-mail (12 self-identified as women, 23 as men, M = 23 y.o., SD = 4.5).
Each participant received a €15 gift voucher. Twenty-two work in IT and 13 in other fields. None of these participants
participated in the first experiment.

4.1.2 Experimental Design. We used a within-subjects design, with two independent variables: Autonomy and Diffi-
culty.
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As Figure 1b1 illustrates, Autonomy refers to the same levels as in Experiment 1 (Section 3.1.3). However, we did
not test the Proxy variable in this 2nd experiment and set it to the Pwith and baseline Autonomy levels. There were
therefore five Autonomy levels.

In the Harder Difficulty, targets have the same size and were at the same position as in the first experiment: Size =
6 cm, Distance = 15.5 cm (Fitts’ ID = 3.3) 2. In the Easier Difficulty, targets were bigger and closer to Toios: Size = 12
cm, Distance = 9.5 cm (Fitts’ ID = 1.2).

We had the same dependent variable as in Experiment 1 (Section 3.1.3).

4.1.3 Hypotheses: effect of the Difficulty on the SoA. For the second experiment, we make the following hypotheses:

Hyp2.1 SoA for Harder Difficulty is weaker than Easier Difficulty.
Hyp2.2 The higher the level of Autonomy (i.e., complete autonomy), the less the SoA is impacted by Difficulty.
Hyp2.3 SoA is more impacted by Difficulty for the module used as a proxy than for satellite modules.

4.1.4 Procedure. The experiment proceeded exactly as Experiment 1 (Section 3.1.5) except for the following elements:
First participants trained on each Type of assistance in the same order for each participant and on Harder Difficulty
only. The order of the autonomy levels is as follows: (1) Ainert, (2) Asnap, (3) Astop, (4) Atrg, and (5) Acmplt. Second,
the experimental phase was divided into 12 blocks. In each block, participants experience each Type of assistance ×
Difficulty combination. The order of the combinations is randomized within each block.

This experiment lasted an average of 60 min (min 45 min, max 90 min).

4.2 Results: Effect of the Difficulty on SoA

4.2.1 Effect of Difficulty, Autonomy and their interaction on Sense of Agency (Hyp2.1 and Hyp2.2). Figure 8a shows
that the SoA increases as the Autonomy decreases (consistently with Experiment 1). However, the gap between
Easier and Harder Difficulty remains stable for each Autonomy. Figure 8b confirms these results, showing that
all Autonomies have a SoA similar for Easier and Harder Difficulty (CIs of the pairwise differences cross 0). The
two-factor repeated measures ANOVA shows:

• A significant effect of the Autonomy factor (F (2.59,88.05)=125.719, p <.001, 𝜂2𝑝 = .621),
• An inconclusive effect of the Difficulty factor (Hyp2.1 unsupported, F (1,34)=0.129, p=.722, 𝜂2𝑝 < .001, Easier :

M = 4.65, 95% CI [4.35, 5.03], Harder : M = 4.66, 95% CI [4.37, 5.03]),
• An inconclusive interaction effect (Autonomy × Difficulty) (Hyp2.2 unsupported, F (2.93,99.56)=1.195,

p=.315, 𝜂2𝑝 < .001, means and CIs in Appendix C.1).

4.2.2 Effect of the Difficulty on the Sense of Agency depending on Module’s Role (Hyp2.3). Figure 8a shows, for
each Module’s Role (proxy vs. satellites), a significant decrease in SoA when the Autonomy increases, but no effect of
the Difficulty. Figure 8b shows that the SoA experienced on the Proxy module does not seem to be more impacted by
Difficulty than that of the satellite modules.

We conducted a three-factor repeated measures ANOVA (Autonomy × Difficulty × Module’s Role) with
Greenhouse-Geisser correction. The levels of Module’s Role were: proxy, satellites, and swarm. The results show:

• A significant main effect of the Autonomy factor (F (1.89,64.17)=82.2345, p <.001, 𝜂2𝑝 = .174),

2We used the Shannon formulation of Fitts’ IDs [74]: 𝐼𝐷 = log2 (1 + Amplitude
Tolerance ) . As Tolerance, we used the difference between the diameter of the

target and the diagonal of the Toio footprint (i.e., 3
√
2 cm) as per usual for drag-and-drop Fitts’ tasks [43].
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Fig. 8. Sense of Agency (SoA) separated by Autonomy × Difficulty for the swarm, the satellite modules and the proxy module. Error

bars represent bootstrapped 95% confidence intervals.

(a) Average SoA scores depending on Autonomy × Difficulty for the swarm, the satellite modules and the proxy module. (b) Pairwise

differences in SoA for the swarm, the satellite modules and the proxy module, according to Type of assistance. The difference is

between the SoA score for the Easier Difficulty and the Harder Difficulty for each Type of assistance and for the swarm, the

satellite modules and the proxy module.

• An inconclusive main effect of the Difficulty factor (F (1,34)=0.2004, p=.657, 𝜂2𝑝 < .001),
• A significant main effect of the Module’s Role factor (F (1.21,40.99)=33.5745, p <.001, 𝜂2𝑝 = .183),
• A small but significant interaction effect of Autonomy×Module’s Role (F (2.81,95.59)=7.6005, p <.001,𝜂2𝑝 = .004,

means and CIs in Appendix C.3)
• Inconclusive interactions effects of: Autonomy × Difficulty (F (2.62,89.15)=0.7775, p=.494, 𝜂2𝑝 < .001), Dif-

ficulty × Module’s Role (Hyp2.3 unsupported, F (1.56,53.08)=0.0599, p=.903, 𝜂2𝑝 < .001, means and CIs
in Appendix C.2), and Autonomy × Difficulty ×Module’s Role (F (4.22,143.34)=2.1565, p=.073, 𝜂2𝑝 < .001,
means and CIs in Appendix C.4).

These findings do not support Hyp2.3. This experiment does not allow us to conclude that there is a main effect
of the Difficulty on the SoA (Hyp 2.1) for swarm UIs. The results are also inconclusive about the impact of Difficulty
depending on Autonomy (Hyp 2.2) and Module’s Role (Hyp 2.3).

As SoA can be impacted by issues in the system response, the next experiment studies the combined effect of the
Type of assistance and predictability of the system’s response on the SoA.

5 Experiment 3: Combined effect of Predictability and Type of assistance on SoA

5.1 Method, Apparatus and Data Analysis

Prior work indicates that the consistency between users’ expectations and the UI behavior increases the sense of
agency [23, 24, 101, 102, 123]. For this reason, we expect the sense of agency to decrease as the UI predictability
decreases. The aim of this experiment is to evaluate the combined impact of the predictability of the system and the
Autonomy on the sense of agency. In particular, we would like to learn how this predictability impacts proxies and
satellites. To do so, we used the same apparatus (Section 3.1.2) and experimental task (Figures 2 and 3) as in Experiment
1.

We used the same approach for data analysis as in the first experiment(Section 3.2). To avoid unintentional false
positive inflation of our results [41], we registered this experiment before we collected any data [4].
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5.1.1 Participants. We recruited 35 participants by e-mail (12 self-identified as women, 23 as men, M = 27.66 y.o., SD
= 9.02). Each participant received a €15 gift voucher. 17 work in IT and 18 in other fields. These participants did not
participate in the first and second experiments.

5.1.2 Experimental Design. We used a within-subjects design, with two independent variables (Figure 1c1):
The Autonomy refers to the same level as in the second experiment (Section4.1.2).
The Predictability3 refers to the noise in the modules’ trajectory. In the Straight condition, the modules’ trajectory

is not affected by vibrations and is very predictable. The Toios act as in both previous experiments. In the Noisy

condition, the trajectory is affected by Toio vibrations. Each Toio moves randomly around its position and is little
predictable.

Our dependent variables are the same as in the first two experiments.

5.1.3 Hypotheses: effect of the Predictability on the SoA. We make the following hypotheses:

Hyp3.1 SoA for Noisy Predictability is weaker than Straight Predictability.
Hyp3.2 The higher the level of Autonomy, the less the SoA is impacted by Predictability.
Hyp3.3 SoA is more impacted by Predictability for the module used as a proxy than for satellite modules.

5.1.4 Procedure. The experiment proceeded as the first experiment (Section 3.1.5) except for the following: First,
participants were trained on each Autonomy in the same order for each participant and on Straight Predictability
only. The order of the autonomy levels is as follows: (1) Ainert, (2) Asnap, (3) Astop, (4) Atrg, and (5) Acmplt. In this
experiment, participants never interacted without a proxy, as this condition was not presented.

The experimental phase was divided into 12 blocks. In each block, participants experience each Autonomy ×
Predictability combination. The order of the combinations is randomized within each block.

This experiment lasted 60 min on average (min 45 min, max 90 min).

5.2 Results: Effect of the Predictability on SoA

5.2.1 Effect of Predictability, Autonomy and their interaction on Sense of Agency (Hyp3.1 and Hyp3.2). Figure 9a
shows that the SoA increases as the Autonomy decreases (consistently with experiment 1). It also shows that the SoA
with a Straight Predictability is a little higher than the SoA with a Noisy Predictability. Figure 9b shows that all
levels of Autonomy exhibit a difference in the SoA between Straight and Noisy Predictability (differences greater
than 0), except for Acmplt (crosses 0). The two-factor repeated measures ANOVA shows:

• A significant effect of the Autonomy factor (F (1.96,66.50)=48.86, p <.001, 𝜂2𝑝 = .262),
• A small but significant effect of the Predictability factor (Hyp3.1 supported, F (1,34)=10.35, p=.003, 𝜂2𝑝 = .007,

Straight: M = 4.79, 95% CI [4.25, 5.41], Noisy: M = 4.44, 95% CI [3.98, 4.99]).
• A small but significant interaction effect (Autonomy × Predictability) (Hyp3.2 supported, F (2.84,96.51)=7.61,

p <.001, 𝜂2𝑝 = .003, means and CIs in Appendix D.1).

Post hoc tests show significant differences between Predictability for Ainert, Asnap, and Astop. However, post hoc
tests are inconclusive for Atrg and Acmplt levels (Hyp3.2, Appendix E.1). This suggests that when the Autonomy is too
high the Predictability does not seem to impact the SoA anymore.

3Some models distinguish between three classes of intention – distal, proximal, and motor – according to their level in the hierarchy of action control [84].
Predictability refers to motor Predictability: the discrepancy between the participant’s intention and the sensory consequences observed on the
modules (more details in Section 6.4).
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Fig. 9. Sense of Agency (SoA) depending on Autonomy × Predictability for the swarm, the satellite modules and the proxy module.

Error bars represent bootstrapped 95% confidence intervals.

(a) Average SoA scores depending on Autonomy × Predictability for the swarm, the satellite modules and the proxy module. (b)

Pairwise differences in SoA for the swarm, the satellite modules and the proxy module, according to Type of assistance. The difference

is between the SoA score for the Noisy Predictability and the Straight Predictability for each Type of assistance and for the swarm,

the satellite modules and the proxy module.

5.2.2 Effect of the Predictability on the Sense of Agency depending on Module’s Role (Hyp3.3). Figure 9a shows a
significant decrease in SoA as a function of Autonomy for each Module’s Role (proxy vs. satellites), but little impact
of the Predictability for each Autonomy. Figure 9b shows that the proxy and satellites are similarly impacted by
Predictability.

We conducted a three-factor repeated measures ANOVA (Autonomy × Predictability ×Module’s Role) with
Greenhouse-Geisser correction. The levels of Module’s Role were: proxy, satellites, and swarm. The results show:

• A significant main effect of the Autonomy factor (F (1.67,56.80)=29.62, p <.001, 𝜂2𝑝 = .100),
• A small but significant main effect of the Predictability factor (F (1,34)=19.14, p <.001, 𝜂2𝑝 = .013),
• A significant main effect of the Module’s Role factor (F (1.43,48.60)=23.84, p <.001, 𝜂2𝑝 = .050),
• A small but significant interaction effect of Autonomy × Module’s Role (F (2.09,71.14)=7.40, p=.001, 𝜂2𝑝 = .005,

means and CIs in Appendix D.2)
• A small but significant interaction effect of Predictability × Module’s Role (Hyp3.3 supported

F (1.69,57.62)=4.03, p=.029, 𝜂2𝑝 < .001)
• Inconclusive interaction effect of: Autonomy × Predictability (F (2.43,82.73)=1.79, p=.165, 𝜂2𝑝 < .001), and
Autonomy × Predictability × Module’s Role (F (4.55,154.83)=1.19, p=.316, 𝜂2𝑝 < .001, means and CIs in
Appendix D.3).

Post-hoc tests (Appendix E.2) show that the pairwise differences between proxy Straight (M = 5.75, 95% CI = [5.42,
6.08]) and proxy Noisy (M = 5.20, 95% CI = [4.91, 5.49]), between swarm Straight (M = 5.31, 95% CI = [4.98, 5.64]) and
swarm Noisy (M = 4.85, 95% CI = [4.56, 5.14]), and between satellites Straight (M = 4.54, 95% CI = [4.13, 4.94]) and
satellites Noisy (M = 4.14, 95% CI = [3.78, 4.51]) are significant. The gap in SoA between the Straight and Noisy is largest
for the proxy, slightly smaller for the swarm, and smallest for the satellites. These findings support Hyp3.3.Moreover,
the results of the swarm are aligned with the results confirming Hyp3.1.

In this experiment, we mainly demonstrated the main effect of Predictability on the SoA (Hyp 3.1) for swarm UIs.
We also showed that the level of Autonomy impacts the effect of Predictability on the SoA(Hyp 3.2). The impact of
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the Predictability is higher for the Proxy module than for satellite modules (Hyp 3.3), but this effect is not impacted
by Autonomy.

Summary: Users’ SoA with swarm UIs decreases with increasing assistance. We introduce three novel types
of SoA that are specific to swarm UIs, when using a proxy: (a) A sense of agency for the proxy module, (b) One
for the other modules in the swarm (satellites), and (c) One for the swarm as a whole. Our task difficulty has
an inconclusive impact on users’ SoA with swarm UIs. The predictability of the modules’ trajectory impacts
the SoA of the proxy (a), the satellite modules (b) and the whole swarm (c). However, predictability does not
impact SoA differently across autonomy levels, whether for the swarm, the proxy, or the satellites.

6 Discussion, Limitations and Future Work

6.1 Effect of assistance type on SoA

This paper aims to investigate the impact of the type of assistance provided by a swarm UI on the users’ sense of agency
(SoA), and how the performance or the predictability can weaken or strengthen this impact. To this end, we conducted
three experiments (each N=35, total N=105) focusing respectively on: (1) the impact of the assistance on the SoA, (2) the
impact of the performance on the SoA for each assistance, and (3) the impact of the system predictability on the SoA
for each assistance. We define a type of assistance as consisting of two dimensions: (1) the degree of control available to
the user over different phases of the movement (Autonomy), and (2) whether or not the swarm’s movements (satellites)
are coordinated through a single module (proxy). For the second and the third experiments, we focused solely on the
Autonomy with proxy.

6.1.1 General impact. Our results reinforce prior knowledge that Autonomy impacts SoA [12, 13, 29, 71, 114, 126, 127]
and extend it to swarm UIs (Hyp1.1 supported). In swarm UIs (this paper) as in other UIs (prior work), excessive
automation appears to substantially reduce users’ SoA. Importantly, we found that, for swarm UIs, simply pressing the
module to trigger its movement already restores some of the users’ SoA. Our paper shows that semi-autonomous levels
of swarm UIs impact SoA differently (Hyp1bis supported). Control over part of the trajectory of modules (Asnap), as
opposed to the final phase of their movement (Astop), does significantly improve SoA. This paper therefore demonstrates
that to reinforce users’ SoA, and subsequently, users’ responsibility and system adoption, the swarm UI designers
should propose autonomy at the end of the task. For example, one could propose autonomy to improve the precision or
conclude a trajectory following users’ decision.

Compared with prior literature, this paper introduced the evaluation of the impact of proxies on SoA. We demonstrate
that manipulating modules through a proxy has an effect on SoA (Hyp1.2 supported). Manipulating only a proxy module
tends to reduce SoA compared to manipulating all modules directly. However, for equivalent levels of Autonomy,
performing the task with a proxy seems to have a slight impact on SoA, except when the system is inert. Overall,
we show that the effect of Autonomy is stronger than that of Proxy. The use of a proxy provides a specific type of
Autonomy to the satellite modules shifting from full user control (without proxy) to partial loss of control (with proxy).

Our results do not allow us to conclude on the impact of task performance on SoA, regardless of the assistance type
(Hyp2.1 and 2.2 unsupported). We also demonstrate that the system predictability has a slight impact on the SoA for
each assistance type (Hyp3.1 and 3.2 supported). Yet, this effect decreases when Autonomy increases. For example,
Kim et al.’s participants proposed two different techniques for the swarm to follow a specific trajectory [57]: either
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drawing the path with one module, or drawing the path with the finger on the table (stronger autonomy). In the first
case, users’ SoA will be strong. On the contrary, if they draw the path with the finger (stronger autonomy), users
SoA will be weak. Our results help designers choose between these design alternatives depending on their application
(game vs. search and rescue). However, we show that if modules do not behave as expected, the SoA will be more
impacted when they draw the path with one module than with the finger. If the system behaves unpredictably in a
search and rescue coordination center scenario, users SoA who directly control one module on the city map will be
more impacted than those who are using the second, finger technique. Subsequently, users controlling a proxy may
tend to shift responsibility away from themselves.

6.1.2 Impact of modules’ role. Prior work in HCI proposed the use of a proxy to interact with a swarm UI [44, 57, 67, 91].
Studying the impact of this type of interaction on the SoA is therefore timely to avoid any decrease in users’ sense of
responsibility or in the adoption of swarm UIs.

When using proxies, we demonstrated that users do not experience the same SoAwith all modules (Hyp1.3 supported).
The sense of agency is higher for directly controlled modules (proxy) than for indirectly controlled modules (satellites).
We also show that autonomy exerts a stronger effect on the proxy module than on its satellites. For example, imagine
users trying to arrange a swarm UI in a circle as with Zooids [67]. To do so, Le Goc et al. proposed to directly control
only 2 modules [67]. In this case, users feel a stronger control over these two modules, and a weak control over the
other modules controlled indirectly through the two proxies. Imagine users moving the proxies with some assistance,
like the system proposing a rough circle size and position for users to adjust it at the end. In this case, users will feel
much weaker control for the proxies, but not for the satellites. In a search and rescue coordination center scenario,
users who directly control a single module to guide a swarm will experience a strong SoA over the proxy module, but a
weaker SoA over the satellites. If automation is introduced by suggesting optimal paths to locate victims, it will have
little impact on the SoA over the satellites –since it was already low. However, autonomy will affect the SoA over the
proxy module. If all modules end up taking the wrong path, in particular the proxy, users may be more likely to shift
responsibility away from themselves, attributing the failure to incorrect system recommendations.

Interestingly, we found in this paper that the sense of agency experienced over the whole swarm’s movements
tends to align with the sense of agency experienced over the proxy. Yet, as autonomy decreases, the sense of agency
associated with the swarm diverges from that of the proxy. With low autonomy, the sense of agency associated with the
swarm lies at an intermediate level –between the sense of agency reported for the proxy and its satellites. Here, users
who place the swarm in a circle will feel as though they control the whole swarm almost as much as the two proxies.
However, if none of the proxies have any autonomy, users will feel much more control over the proxies than over the
whole swarm. In the rescue coordination center scenario, if the precise placement of all modules is critical to save lives,
designers should rather provide as little autonomy as possible to the proxies so that users feel more responsible for the
placement of the whole swarm. The SoA for the proxy is therefore no more affected by performance or predictability
than that for satellites (Hyp 2.3 and 3.3 unsupported).

6.2 What type of SoA is felt when interacting with a proxy?

We can make several hypotheses about the sense of agency (SoA) felt when interacting with a proxy. First, we could
consider that users perceive the swarm as hierarchical. Users would then be the leader in accomplishing the task through
the proxy module and could consider the other modules as followers of their action. Prior work shows that a human
leader develops vicarious SoA for the actions of those humans under their command [21, 26, 65], even if this is less
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than their individual SoA [21, 65]. In the case of swarm UIs, this analogy would explain why users may feel SoA for the
movements of the satellite modules, even if it is less than the SoA for the proxy module. Furthermore, Le Bars et al. [65]
show that during a joint action, there is the creation of a shared SoA, which in our case corresponds to the SoA felt for
the swarm. This SoA is expected to be lower than the individual SoA. The level of motor involvement in the task has a
stronger influence on individual SoA than on shared SoA [65]. In our case, this would explain why the SoA felt for the
proxy is higher and more impacted by Autonomy than the SoA felt for the swarm.

Based on this analogy with joint action, we proposed three types of SoA involved when interacting with a swarm UI
through one of its modules acting as a proxy:

Leader SoA felt for the proxy module, impacted by the level of autonomy (≈ individual SoA),
Follower SoA felt for the satellite modules, little impacted by the level of autonomy and with a fairly low level (≈

vicarious SoA),
Shared SoA felt for the whole swarm, impacted by the level of autonomy.

Swarm UI designers now know that they need to take these three different SoA into account for their design.
Designers should prepare for the possibility that the system does not behave as users expect. Users are more likely to
attribute an error in the satellites to a system malfunction rather than to their own input –regardless of the system
autonomy. Conversely, preparing for the possibility that proxies might not behave as intended (e.g., drifting too far from
the target position), designers now know that users are more inclined to feel responsible for this error –unless the system
exhibits a high level of autonomy, in which case responsibility is again attributed to the system. This same mechanism
of perceived responsibility for proxies applies to the swarm as a whole. For the system to be adopted, designers should
avoid errors that can be attributed to the system, and therefore consider lower autonomy or introducing a proxy.

Second, we could consider that users would have a SoA distributed among the modules, due to the synchronous
aspect of our task (i.e., the concordance of the movements of the satellite modules with those of the proxy). The
individual SoA is expected to decrease during a joint action synchronized with another human agent [18, 72, 92, 128]
or robotic agent [27], as if the SoA was distributed among the agents. In our case, users would perceive the satellite
modules as having their own SoA, and the SoA would be distributed among proxy and satellite modules.

However, the creation of distributed SoA and diffusion of responsibility only happen in the case of synchronous tasks
–as in our first and second experiments– and not in the case of asynchronous tasks [69, 92]. Furthermore, variability
or discrepancies between our actions and those of our partners would impact joint SoA (shared SoA and vicarious
SoA) rather than SoA for our actions (individual SoA) [65]. Our third experiment (predictability) partially supports this
analogy. Indeed, when we look at the effect size in Figure 9, the effect of predictability on the SoA seems weaker for the
satellites (≈ vicarious) and the swarm (≈ shared) than for the proxy (≈ individual). Moreover, when comparing the
level SoA between the first and third experiments (between around 3 and 8 in Figure 7 vs. between around 4 and 7 in
Figure 9), experiencing unpredictability seems to impact users’ proxy (8 to 7) and satellites’ SoA (3 to 4). This suggests
that an asynchronous, unpredictable task tends to cancel the difference between the three types of SoA in swarm UIs
(Leader, Follower, and Shared SoA). In the case of a search and rescue scenario, imagine that robots make a decision
(autonomy), failing to take users’ input into account (unpredictability). Users would have less SoA for swarm, proxy,
and satellites. They might therefore be more likely to attribute the outcomes to the system and disengage from its use.
On the contrary, if robots take users’ input into account and become predictable, designers should be aware that users’
responsibility for the actions of the proxy and satellites will increase, but depart from each other.
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6.3 Difficulty and SoA for swarm UIs

To test the impact of performance on SoA, we applied a Fitts’ law like experiment protocol [40], expecting target size
and distance to affect users’ performance. We verified the validity of our approach: the Difficulty had an impact on
the actual performance. Figure 10b shows that participants were faster in the easy condition compared to the hard
condition, regardless of the autonomy. However, Figure 10a shows that the sense of agency is not correlated with this
actual performance, as easy and hard difficulty lead to the same SoA. A trend seems to emerge from Figure 10b: the
actual performance improves with the autonomy, while simultaneously in Figure 10a, the sense of agency decreases.
Designers are now aware that they need to balance performance and SoA when designing autonomy for their Swarm
UIs.
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Fig. 10. Sense of Agency (SoA) and Performance of the task depending on Autonomy and Difficulty. Error bars represent bootstrapped

95% confidence intervals. (a) Average SoA scores depending on Autonomy × Difficulty for the swarm, the satellite modules, and the

proxy module. (b) Average movement time (ms) to perform the task, depending on Autonomy and Difficulty.

To keep the length of the second experiment reasonable, we decided to use only two pairs of size and distance.
However, even if the gap between our two Fitts IDs (Harder : 3.3, and Easier : 1.2) was large enough to impact, as expected,
the measured performance, there is a possibility that this gap was simply not large enough to see an impact on the SoA.
One can hypothesize that SoA could be somehow robust to low to mild difficulty but starts being degraded with harder
levels of difficulty. Our results with these Fitts’ IDs are already actionable by the HCI community, as swarm UIs can be
within arm’s reach, as in our experiment: e.g., [67, 108]. Future work could replicate this experiment on a larger surface,
to further vary these pairs of size and distance. Moreover, Yamada et al. [124] demonstrated, for a pointing task, that
both target distance and target size can affect performance when a drone swarm is operated remotely using a handheld
controller. However, they also reported that Fitts’ Law does not adequately model this interaction. We may therefore
ask whether, during direct control performed at a distance (for instance, in mid-air), the resulting performance would
resemble that observed during direct control with physical contact or during indirect supervisory control of the swarm.
This could help to further measure the impact of the difficulty on SoA in a wider variety of applications. For instance,
in the search and rescue scenario, directly manipulating the swarm could be difficult because of the large area to cover.
One could test larger distances to inform the design of these applications.

Future work can also test different approaches to vary the difficulty of the task, e.g., asking users to create shapes of
varying complexity with the swarm UI.
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6.4 Predictability and SoA for swarm UIs

In our experiment, Predictability is manipulated by introducing motor noise, i.e. noise in the modules’ trajectory.
This Predictability reflects the congruence between users’ intentions and the outcomes. The motor noise causes a
discrepancy between the users’ intention and the sensory consequences (i.e., the movement of the modules). Numerous
studies have demonstrated the role of congruence between our intentions and the sensory consequences of our actions
in the development of the sense of agency (for a review, see [25]). In our situation, we find a fairly weak, albeit
present, effect of Predictability on the sense of agency. Several reasons can be put forward. First, the motor noise
introduced remains fairly low. It is possible that noise of greater amplitude would have a greater disruptive effect
on the development of SoA. Similarly, the introduction of temporal incongruence (i.e., a lag) could also increase the
effect of this incongruence on SoA. One factor that we believe may be more important concerns the level of intention.
Some models distinguish between three classes of intention according to their level in the hierarchy of action control:
motor (i.e., the modules’ movements are what I expected), distal (i.e., the modules reach the target regardless of their

movement) and proximal (i.e., the action unfolds as planned, there is no perceived latency between my actions and those of

the modules) [84]. In our case, the incongruence introduced concerns only the motor level of intentions. For example,
for the distal level (i.e., at the overall goal level), the modules perform the intended action (i.e., reaching the target). We
can therefore imagine a more significant effect of the incongruence if the modules did not reach the chosen target. It is
also likely that the weight of each level of intention depends on the role of the modules. In the case of the proxy, the
participant performs direct control over the module, so that the congruence between their motor intention and the
module’s action is certainly paramount. In the case of the satellites, the participant performs remote control over the
modules, so that the importance may be placed more on the congruence between their distal intention (the goal to be
achieved) and the behavior of the modules. Future work could also replicate this experiment with modules that would
not necessarily reach the intended target or stop before the target. These experiments could help assess how distal
intentions impact the SoA. This would help HCI designers focus first and foremost on the dimensions that have the
most impact on SoA.

6.5 Sense of agency beyond swarm UIs

Assistance will redefine how we perceive and interact with computers. Assistive systems will no longer be seen merely
as tools for completing tasks, but as partners with whom we collaborate to achieve a common goal [85]. Among these,
swarm robotics gained attention and are now actively studied. Beyond swarm UIs already available to the general
public such as Sony Toios –a gaming console for children– many research prototypes would directly benefit from
our results, e.g., swarm UIs –2D or 3D– to interact with data visualization [57–59, 67, 88, 108], for architecture [20],
for remote telepresence [45], to actuate everyday objects [125], to create animations [55], and to learn physics [70].
Beyond swarms, robotics systems with a collective behavior –even when modules are attached to each other, such as
Kilobot [94] or Catoms [89]– can also benefit from our results.

Although we studied assistance with a swarm UI, our results could be applied to other AI systems. Among these
assistive systems, some share common characteristics with our experimental setup. For instance, human-robot multi-
agent systems [30] could draw on our results. This can be particularly relevant when modeling agent behaviors. In such
models, humans should not be expected to react in the same way depending on the type of assistance granted to the
robots with which they interact. The model should therefore account for these expected variations in human behavior.
For example, if the goal is for humans to retain a sense of responsibility while still benefiting from robots’ autonomy,
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using a proxy could be a way to provide them with a form of control. It may help restore their sense of responsibility by
increasing their sense of agency. Conversely, if responsibility is not a major issue at a given stage of the modeling while
autonomy is crucial (e.g., to save time), the model should anticipate these changes of state and their consequences on
human behavior.

Although one of the main principles of human–AI interaction is to maintain global control in the hands of users [2],
other assistive systems share too few characteristics with our experimental setup to allow us to hypothesize how our
results would transfer, such as generative AI application for writing or image/video editing [46]. Moreover, in assistive
systems in general, autonomy is known to impact factors other than the sense of agency. For example, autonomy can
impact users’ engagement: with an autonomous car, the automation of the system can lead to a disengagement of users
in the task, named the “out-of-the-loop” phenomenon [19, 76, 98]. Future work could study how assistance articulates
with disengagement and sense of agency, in the case of swarm and non-swarm assistive systems.

6.6 Limitation of explicit self-reports of sense of agency

Two types of measures are typically used to measure sense of agency, referring to two distinct dimensions of this
phenomenal experience: explicit and implicit. Explicit measure consists of asking participants about the degree of control
they feel they have over their actions and their consequences. These explicit reports provide access to what is referred to
as the Judgement of Agency (JoA). The implicit measure is based on perceptual changes induced by the performance of
a voluntary action (in particular, sensory attenuation or intentional binding). These implicit measures make it possible
to capture what is known as the feeling of agency (FoA). We chose to use an explicit measurement of SoA for three
reasons. First, while implicit measures, such as intentional binding, have been shown to be sensitive to factors such
as intentionality and free choice, recent work has questioned their specificity as a measure of agency [60, 62, 106]. In
particular, intentional binding effects have been observed even in the absence of voluntary action, suggesting that it
may reflect broader mechanisms such as temporal prediction or multisensory integration.

Secondly, several studies seem to indicate a close link between the judgment of agency and the acceptability of
technological systems [68, 100], but also between the judgment of agency and the willingness to engage in interaction
with technology [39].

Finally, explicit measures of agency are much less complex to implement than implicit measures, involving a shorter
experiment and, consequently, a lower risk of participant fatigue. An implicit measure of SoA, like intentional binding,
takes longer to log, and in our case would result in a 50% or more increase in the experiment time. Given that our
experiments lasted already from 45 to 110 minutes, we chose to maintain an acceptable experimental length for
participants by using an explicit measure of SoA.

However, while explicit self-reports are the more direct measure of SoA, they are known to be influenced by cognitive
biases and social desirability. For instance, they can lead participants to overestimate their capacity for action and to
attribute events unrelated to their own actions [48, 113, 121]. Moreover, the risk of demand characteristics of reported
explicit judgments, such as the Likert scales used in our experiments, is commonly discussed [120]. Indeed, participants
may be tempted to answer explicit questions in ways they believe are aligned with the experimenter’s expectations.

In the end, depending on the experimenter’s focus, both explicit and implicit measurements have their strengths and
limitations. It would be interesting for future work to replicate our experiments with an implicit measure.
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6.7 Subjective perception of types of assistance and sense of agency

Beyond the sense of agency, other factors can influence the adoption and use of an interface [71]. These include
perceived ease of use and performance [31, 63, 116–118].

6.7.1 Balance between sense of agency and system autonomy. Our final questionnaire shows, for the three experiments,
negative correlations between, on the one hand, the sense of agency of the swarm and perceived performance, and,
on the other hand, perceived ease of use. Perceived performance and ease of use are positively correlated for the
three experiments (Appendix F). Subjective results lead us to believe that when an action involves several (potentially
autonomous) modules, usability is not determined solely by the experience of controlling each element, but also by
the achievement of a common goal, among others. For example, on the one hand, the use of a proxy module and the
observation situation minimizes control over the other modules. On the other hand, they increase perceived performance
and ease of use. Designers should also take into account such subjective feelings about the swarm UI.

However, striving at all costs to promote complete automation or the use of an intermediate module would be a
mistake –at the expense of the sense of agency. In particular, the sense of agency is now considered an important
determinant of the responsibility we feel for our actions, and can thus drastically impact human behavior and task
engagement [42, 51]. For example, Caspar et al. [22] showed that cadets felt less sense of agency than officers, and also
felt less responsible for the consequences of their actions. Drawing on this analogy, excessive automation of swarm UIs,
leading to a decrease in the sense of agency (as our experiments demonstrate) could therefore lead to a decrease in the
sense of responsibility for the consequences of our actions –a necessary condition for acting ethically and morally [8, 9].
It is therefore important for designers to make design choices based on the criticality of their application (Figure 11).
For example, a swarm UI dedicated to the search for victims in rubble-strewn areas requires high performance and
therefore high autonomy. But who would be responsible if a landslide occurred because the system chose one route
over another without consulting a user? From the user’s perspective, at what point would their sense of agency be too
weak to feel responsible for the consequences of the swarm’s actions, even if their supervision was required? On the
contrary, in non-critical situations such as games, for example, it can be ok for a designer to vary the performance of
their system without users necessarily feeling a strong sense of agency.

Criticality of users’ actions consequences
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provide feedforward on the system’s decision 

Fig. 11. Guidelines to design autonomous SwarmUIs with a high user’ SoA for critical applications. In blue: main takeaways depending

on the autonomy level (low vs. high). In pink: guidelines to design autonomous Swarm UIs for critical applications while maintaining

a high user’ SoA. Pieces of advice 1 and 2 (in red) are informed by XP1, advice 3 (in green) is informed by XP3.

6.7.2 Astop Pw/o: Least preferred, perceived as least efficient and least easy to use. The type of assistance Astop Pw/o

was inspired by existing examples of swarm UIs, such as stop Zooids during their movements [57]. In all our three
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experiments, this type of assistance was rated as the least preferred, and perceived as the least efficient and easy to use
in the final questionnaire. This could be explained by the implementation of this condition in our experiments: our
system requires users to maintain a module still for 150 ms for the system to actually stop their movement. However, we
noticed participants removing their hands too early. Fifty-nine participants (out of the 105 total participants) reported
that this way of stopping the robots made the interaction:

• Uncomfortable (e.g., P1.4 “I don’t like the fact that it bumps into my hand and doesn’t stop.”, P2.11 “The Astop is
very uncomfortable, because we have the feeling to stop something in the movement [...], so we have to force
against the robot’s motor.”, P3.21 “Honestly, I didn’t find it very pleasant to use. It was more about having to
stop it”),

• Slow (e.g., P1.19: “When you put your hand down, it takes a few seconds to stop, and that’s a bit frustrating
because you know you have to move quickly, especially when you have to do all four [...] that’s the one where,
from a speed perspective, you think, well, it’s less efficient.”, P3.12 “Most of the time it just wouldn’t pick it up
right, so we’d lose a bit of time.”), and

• Prone to error (e.g., P1.30 “I even made a mistake because you try to say, ‘OK, that’s good, it’s going to stop,’
you take your hand away, but in fact it doesn’t stop.”, P2.6 “Sometimes it’s not stable enough, and it just goes.”).

Before completely discarding this type of assistance, future work should improve the stopping interaction, such as
clicking on the robot.

7 Conclusion and General Future Work

Swarm UIs offer new ways for users to interact with systems. Through their actuation, they assist users. However, too
much actuation can impact users’ sense of agency (i.e., feeling of control), and, subsequently, the acceptability of swarm
UIs, and lead to a loss of users’ responsibility in the actions with the swarm UI. In this article, we studied the impact of
the type of assistance on the users’ sense of agency regarding the movement of modules during a joint action with a
swarm UI (human-robot cooperative task). We also studied how the task performance and the system predictability
modulate this impact. To do this, we extracted nine types of assistance from the literature that can be applied to swarm
UIs during a cooperative situation with users. These types of assistance are based on two factors: the autonomy of the
system (i.e., the type of control the user can have over different phases of the modules’ movement) and the coordination
of movements between modules (i.e., interaction with a single module as a proxy vs. interaction with each module).
We assessed subjective Sense of Agency (SoA) using direct questions for these Types of Assistance. Our results
show a main effect of the level of autonomy, a main effect of the use of a proxy on the SoA, and an interaction effect
between them. Our results also show that when using a proxy, the SoA on the movement of the proxy will be greater
than that on the swarm, and the SoA on both –SoA on proxy and SoA on swarm– will be greater than that on the
satellite modules. The task complexity does not modulate these effects. The system predictability increases the swarm,
proxy, and satellite modules SoA. Figure 11 summarizes the outcomes of our paper.

This study opens up several avenues for further research to deepen our understanding of the relationship between
sense of agency and the assistance provided by swarm UIs.

In our study, we decided to focus on direct and subjective measurement of SoA. Future work could replicate our
study by focusing on indirect and objective measurement of SoA in order to compare the results obtained between the
two measurements. In addition, to lay the foundations for the relationship between SoA and the type of assistance
provided by a swarm UI, we decided to use a simple and common task in HCI (drag and drop) and to strengthen internal
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validity through laboratory testing. On the one hand, future work could try to replicate our results on a more complex
task requiring satellite modules to make decisions on their own to optimize task success. On the other hand, future
work could try to replicate our results in a more realistic situation, e.g., on a search and rescue application.
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A Tables of means and confidence intervals for the first experiment

A.1 Means and 95% bootstrapped confidence intervals for Autonomy (Hyp1.1 and 1.1bis)

Type of assistance SoA Mean [CI]

Autonomy

Ainert (Not autonomous) 7 [6.81, 7.18]
Asnap (Semi-autonomous) 6 [5.60, 6.29]
Astop (Semi-autonomous) 5.41 [4.92, 5.79]
Atrg (Highly autonomous) 4.26 [3.72, 4.85]

Baseline SoA Mean [CI]

Autonomy Acmplt (Completely autonomous) 1.58 [1.22, 2.23]

A.2 Means and 95% bootstrapped confidence intervals for Proxy (Hyp1.2)

SoA Mean [CI]

Type of assistance

Proxy

Pw/o Pwith

SoA Mean [CI] 6.04 [5.72, 6.30] 5.29 [4.85, 5.70]

Baseline

Proxy

Pobs
SoA Mean [CI] 1.58 [1.22, 2.23]
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A.3 Means and 95% bootstrapped confidence intervals for Type of assistance

SoA Mean
[CI]

Type of assistance

Proxy

Pw/o Pwith

Autonomy

Ainert 7.71
[7.54, 7.83]

6.29
[5.89, 6.63]Not autonomous

Asnap 6.26
[5.87, 6.55]

5.74
[5.29, 6.09]Semi-autonomous

Astop 5.70
[5.18, 6.09]

5.12
[4.62, 5.58]Semi-autonomous

Atrg 4.50
[3.97, 5.04]

4.01
[3.44, 4.68]Highly autonomous

Baseline

Proxy

Pobs

Autonomy

Acmplt 1.58
[1.22, 2.23]Completely autonomous

A.4 Means and 95% bootstrapped confidence intervals for Type of assistance ×Module’s Role

SoA Mean
[CI]

Type of assistance

Module’s Role

Proxy Satellites Swarm

Autonomy

(Pwith)

Ainert
7.56

[7.30, 7.71]
4.54

[3.87, 5.17]
6.29

[5.89, 6.63]

Asnap
6.42

[5.97, 6.71]
4.12

[3.47, 4.76]
5.74

[5.29, 6.09]

Astop
5.67

[5.15, 6.08]
3.73

[3.11, 4.40]
5.12

[4.62, 5.58]

Atrg
4.28

[3.70, 4.91]
3.14

[2.49, 3.90]
4.01

[3.44, 4.68]

B Post hoc tests for the first experiment

B.1 Tukey’s post hoc tests for Autonomy

Table 1 shows Tukey’s post hoc tests for Autonomy in the first experiment.
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Table 1. Tukey’s post hoc tests for Autonomy in the first experiment. In red, the insignificant p-values and in orange the borderline

p-values (between 0.04 and 0.06).

Comparison

Autonomy 1 Autonomy 2
t

(ddl = 34)
ptukey

Ainert Asnap 8.45 <.001
Astop 9.00 <.001
Atrg 10.91 <.001

Asnap Astop 3.57 .006
Atrg 7.89 <.001

Astop Atrg 6.99 <.001

B.2 Tukey’s post hoc tests for Types of assistance for first experiment

Table 2 shows Tukey’s post hoc tests for Types of assistance in the first experiment.
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Table 2. Tukey’s post hoc tests for Types of assistance in the first experiment. In red, the insignificant p-values and in orange the

borderline p-values (between 0.04 and 0.06). For a more condensed notation, Types of assistance Without Proxy are named only by

the name of the Autonomy, and Types of assistance With Proxy are named as follows: “name of the Autonomy Pwith”.

Comparison

Type of assistance 1 Type of assistance 2
t

(ddl = 34)
ptukey

Ainert Ainert Pwith 6.520 <.001
Asnap 8.249 <.001
Asnap Pwith 8.512 <.001
Astop 8.994 <.001
Astop Pwith 9.756 <.001
Atrg 10.802 <.001
Atrg Pwith 10.420 <.001

Ainert Pwith Asnap 0.163 1.000
Asnap Pwith 5.946 <.001
Astop 2.519 0.222
Astop Pwith 7.340 <.001
Atrg 8.349 <.001
Atrg Pwith 9.385 <.001

Asnap Asnap Pwith 3.658 .017
Astop 2.956 .092
Astop Pwith 5.339 <.001
Atrg 7.455 <.001
Atrg Pwith 7.534 <.001

Asnap Pwith Astop 0.179 1.000
Astop Pwith 3.904 .009
Atrg 6.284 <.001
Atrg Pwith 7.678 <.001

Astop Astop Pwith 3.432 .030
Atrg 6.124 <.001
Atrg Pwith 6.064 <.001

Astop Pwith Atrg 5.342 <.001
Atrg Pwith 6.746 <.001

Atrg Atrg Pwith 3.528 .024

B.3 Tukey’s post hoc tests for Module’s Role for first experiment

Table 3 shows Tukey’s post hoc tests for Module’s Role in the first experiment.
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Table 3. Tukey’s post hoc tests for Module’s Role in the first experiment. In red, the insignificant p-values and in orange the

borderline p-values (between 0.04 and 0.06).

Comparison

Module’s Role 1 Module’s Role 2
t

(ddl = 34)
ptukey

Swarm Proxy -7.29 <.001
Satellites 5.73 <.001

Proxy Satellites 7.52 <.001

B.4 Tukey’s post hoc tests for Autonomy ×Module’s Role for first experiment

Table 4 shows Tukey’s post hoc tests for Types of assistance ×Module’s Role in the first experiment.
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Table 4. Tukey’s post hoc tests for Autonomy × Module’s Role in the first experiment. In bold, the comparison of Module’s Role 1

with other Module’s Role for Autonomy 1. In red, the insignificant p-values and in orange the borderline p-values (between 0.04 and

0.06). The autonomy correspond to Types of assistance With Proxy (Pwith).

Comparison

Module’s Role 1 Autonomy 1 Module’s Role 2 Autonomy 2
t

(ddl = 34)
ptukey

Swarm Ainert Swarm Asnap 5.946 <.001
Swarm Astop 7.340 <.001
Swarm Atrg 9.385 <.001
Proxy Ainert -6.396 <.001

Satellites Ainert 6.995 <.001

Asnap Swarm Astop 3.904 0.018
Swarm Atrg 7.678 <.001
Proxy Asnap -6.112 <.001

Satellites Asnap 6.333 <.001

Astop Swarm Atrg 6.746 <.001
Proxy Astop -5.843 <.001

Satellites Astop 5.336 <.001

Atrg Proxy Atrg -4.570 0.003

Satellites Atrg 3.240 0.092

Proxy Ainert Proxy Asnap 6.493 <.001
Proxy Astop 7.522 <.001
Proxy Atrg 10.024 <.001

Satellites Ainert 8.670 <.001

Asnap Proxy Astop 3.786 0.025
Proxy Atrg 7.987 <.001

Satellites Asnap 7.720 <.001

Astop Proxy Atrg 7.191 <.001
Satellites Astop 6.420 <.001

Atrg Satellites Atrg 4.132 0.010

Satellites Ainert Satellites Asnap 4.773 0.002
Satellites Astop 5.195 <.001
Satellites Atrg 5.595 <.001

Asnap Satellites Astop 2.862 0.200
Satellites Atrg 4.546 0.003

Astop Satellites Atrg 3.812 0.023
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C Tables of means and confidence intervals for the second experiment

C.1 Means and 95% bootstrapped confidence intervals Type of assistance × Difficulty

SoA Mean
[CI]

Type of assistance

Difficulty

Easier Harder

Autonomy

(Pwith)

Ainert 6.96
[6.67, 7.25]

6.96
[6.68, 7.22]Not autonomous

Asnap 5.50
[5.11, 5.87]

5.62
[5.26, 5.97]Semi-autonomous

Astop 5.12
[4.73, 5.54]

5.15
[4.77, 5.57]Semi-autonomous

Atrg 3.78
[3.22, 4.38]

3.73
[3.19, 4.30]Highly autonomous

Baseline

Autonomy

(Pobs)

Acmplt 1.89
[1.40, 2.48]

1.85
[1.36, 2.43]Completely autonomous

C.2 Means and 95% bootstrapped confidence intervals for Difficulty ×Module’s Role (Hyp 2.3)

SoA Mean
[CI]

Module’s Role

Proxy Satellites Swarm

Difficulty

Easier

5.55
[5.26, 5.85]

4.06
[3.76, 4.36]

4.65
[5.06, 5.63]

Harder

5.57
[5.28, 5.86]

4.07
[3.77, 4.38]

4.66
[5.09, 5.65]
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C.3 Means and 95% bootstrapped confidence intervals for Autonomy ×Module’s Role

SoA Mean
[CI]

Type of assistance

Module’s Role

Proxy Satellites Swarm

Autonomy

(Pwith)

Ainert
7.34

[7.15, 7.53]
5.45

[5.05, 5.83]
6.96

[6.75, 7.16]

Asnap
5.79

[5.51, 6.06]
4.24

[3.90, 4.56]
5.56

[5.29, 5.82]

Astop
5.30

[5.03, 5.58]
3.85

[3.49, 4.22]
5.14

[4.86, 5.42]

Atrg
3.81

[3.43,4.21]
2.72

[2.49, 3.90]
3.75

[3.36, 4.16]

C.4 Means and 95% bootstrapped confidence intervals for Autonomy × Difficulty ×Module’s Role

SoA Mean
[CI]

Type of assistance Difficulty

Module’s Role

Proxy Satellites Swarm

Autonomy

(Pwith)

Ainert
Easier

7.39
[7.11, 7.63]

5.43
[4.85,5.96]

6.96
[6.67, 7.25]

Harder

7.30
[7.10, 7.56]

5.47
[4.91, 6]

6.96
[6.68, 7.22]

Asnap
Easier

5.74
[5.33, 6.13]

4.26
[3.81, 4.71]

5.50
[5.11, 5.87]

Harder

5.84
[5.46, 6.20]

4.21
[3.73, 4.67]

5.62
[5.26, 5.97]

Astop
Easier

5.26
[4.89, 5.66]

3.79
[3.26, 4.31]

5.12
[4.73, 5.54]

Harder

5.34
[4.96, 5.73]

3.91
[3.40, 4.41]

5.15
[4.77, 5.57]

Atrg
Easier

3.83
[3.30, 4.40]

2.75
[2.27, 3.28]

3.78
[3.22, 4.38]

Harder

3.80
[3.28, 4.36]

2.69
[2.20, 3.23]

3.73
[3.19, 4.30]
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D Tables of means and confidence intervals for the third experiment

D.1 Means and 95% bootstrapped confidence intervals Type of assistance × Predictability

SoA Mean
[CI]

Type of assistance

Predictability

Straight Noisy

Autonomy

(Pwith)

Ainert 6.30
[5.77, 6.79]

5.69
[5.22, 6.16]Not autonomous

Asnap 5.73
[5.13, 6.29]

5.28
[4.79, 5.78]Semi-autonomous

Astop 4.90
[4.32, 5.47]

4.71
[3.91, 5.03]Semi-autonomous

Atrg 4.31
[3.57, 5.08]

3.94
[3.31, 4.59]Highly autonomous

Baseline

Autonomy

(Pobs)

Acmplt 2.72
[1.92, 3.61]

2.80
[2.11, 3.55]Completely autonomous

D.2 Means and 95% bootstrapped confidence intervals for Autonomy ×Module’s Role

SoA Mean
[CI]

Type of assistance

Module’s Role

Proxy Satellites Swarm

Autonomy

(Pwith)

Ainert
6.57

[6.22, 6.89]
4.98

[4.44, 5.51]
6

[5.64, 6.35]

Asnap
5.84

[5.47, 6.20]
4.60

[4.06, 5.15]
5.51

[5.12, 5.89]

Astop
5.06

[4.68, 5.45]
3.98

[3.52, 4.44]
4.69

[4.29, 5.09]

Atrg
4.43

[3.93,4.93]
3.81

[3.25, 4.38]
4.13

[3.64, 4.62]
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D.3 Means and 95% bootstrapped confidence intervals for Autonomy × Predictability ×Module’s Role

SoA Mean
[CI]

Type of assistance Predictability

Module’s Role

Proxy Satellites Swarm

Autonomy

(Pwith)

Ainert
Straight

6.95
[6.46, 7.35]

4.75
[4.39, 5.97]

6.30
[5.77, 6.79]

Noisy

6.19
[5.71, 6.64]

5.21
[4, 5.46]

5.69
[5.22, 6.16]

Asnap
Straight

6.12
[5.56, 6.62]

4.82
[4.01, 5.60]

5.73
[5.13, 6.29]

Noisy

5.57
[5.06, 6.04]

4.38
[3.62, 5.12]

5.28
[4.79, 5.78]

Astop
Straight

5.33
[4.76, 5.86]

4.14
[3.46, 4.81]

4.90
[4.32, 5.47]

Noisy

4.80
[4.27, 5.31]

3.81
[3.18, 4.45]

4.47
[3.91, 5.03]

Atrg
Straight

4.62
[3.83, 5.39]

3.97
[3.12, 4.85]

4.31
[3.57, 5.08]

Noisy

4.24
[3.61, 4.88]

3.64
[2.93, 4.37]

3.94
[3.31, 4.59]

E Post hoc tests for the third experiment

E.1 Tukey’s post hoc tests for Autonomy × Predictability for third experiment

Table 5 shows Tukey’s post hoc tests for Autonomy × Predictability in the third experiment. For more condensed
writing, we only report the comparison of Straight Noisy Predictability for each Autonomy.

Table 5. Tukey’s post hoc tests for Autonomy and Predictability in the third experiment. In red, the insignificant p-values and in

orange the borderline p-values (between 0.04 and 0.06).

Tuckey test
for Straight and Noisy comparison

Autonomy
t

(ddl = 34)
ptukey

Ainert -3.606 .029
Asnap -3.635 .027
Astop -3.406 .047
Atrg -2.572 .269
Acmplt 0.621 1
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E.2 Tukey’s post hoc tests for Predictability ×Module’s Role for third experiment

Table 6 shows Tukey’s post hoc tests for Predictability ×Module’s Role in the third experiment.

Table 6. Tukey’s post hoc tests for Predictability × Module’s Role in the first experiment. In bold, the comparison of Module’s

Role 1 with the same Module’s Role for Predictability 1 and Predictability 2 that are different. In orange the borderline p-values

(between 0.04 and 0.06).

Comparison

Module’s Role 1 Predictability 1 Module’s Role 2 Predictability 2
t

(ddl = 34)
ptukey

Swarm Straight -4.034 0.004

Proxy Noisy -3.080 0.043Noisy

Sat Noisy 3.903 0.005
Proxy Straight -4.208 0.002

Swarm

Straight
Sat Straight 4.458 0.001

Proxy Straight -4.373 0.001

Noisy

Sat Noisy 5.117 <.001Proxy

Straight Sat Straight 5.866 <.001
Sat Noisy Sat Straight -4.220 0.002
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F Ranking of Types of assistance and correlations between SoA, preference, perceived control, perceived

performance, ease of use and perceived success for the three experiment

F.1 Ranking and correlations for the first experiment
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Fig. 12. Rankings of (a) preference, (b) perceived control, (c) perceived performance (speed × accuracy), and (d) perceived ease of use

for the first experiment. Error bars represent bootstrapped 95For more concise writing, Types of assistance Pw/o are named only by

the Autonomy name, and Types of assistance Pwith are named as “Autonomy name Proxy”.

SoA Preference
Perceived
control

Perceived
performance

Perceived
ease of use

Perceived
success

SoA 1
Preference 0.077 1
Perceived control 0.560*** 0.092* 1
Perceived performance -0.313*** 0.311*** -0.383*** 1
Perceived ease of use -0.252*** 0.318*** -0.299*** 0.620*** 1
Perceived success -0.215*** 0.165*** -0.276*** 0.394*** 0.326*** 1

Table 7. Kendall’s Tau (correlation) between the score of SoA, preference, sense of control, perceived performance, perceived ease of

use and perceived task success dor the first experiment (* p < .05, ** p < .01, *** p < .001).
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F.2 Ranking and correlations for the second experiment
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Fig. 13. Rankings of (a) preference, (b) perceived control, (c) perceived performance (speed × accuracy), and (d) perceived ease of use

for the second experiment. Error bars represent bootstrapped 95For more concise writing, Types of assistance Pw/o are named only

by the Autonomy name, and Types of assistance Pwith are named as “Autonomy name Proxy”.

SoA Preference
Perceived
control

Perceived
performance

Perceived
ease of use

Perceived
success

SoA 1
Preference 0.200** 1
Perceived control 0.628*** 0.256*** 1
Perceived performance -0.230*** 0.182*** -0.334*** 1
Perceived ease of use -0.357*** 0.159** -0.467*** 0.594*** 1
Perceived success -0.019 0.135* -0.034 0.166** 0.153** 1

Table 8. Kendall’s Tau (correlation) between the score of SoA, preference, sense of control, perceived performance, perceived ease of

use and perceived task success for the second experiment (* p < .05, ** p < .01, *** p < .001).
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F.3 Ranking and correlations for the third experiment
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Fig. 14. Rankings of (a) preference, (b) perceived control, (c) perceived performance (speed × accuracy), and (d) perceived ease of use

for the third experiment. Error bars represent bootstrapped 95For more concise writing, Types of assistance Pw/o are named only by

the Autonomy name, and Types of assistance Pwith are named as “Autonomy name Proxy”.

SoA Preference
Perceived
control

Perceived
performance

Perceived
ease of use

Perceived
success

SoA 1
Preference 0.034 1
Perceived control 0.346*** 0.196** 1
Perceived performance -0.127* 0.443*** -0.164** 1
Perceived ease of use -0.245*** 0.387*** -0.250*** 0.569*** 1
Perceived success 0.192*** 0.155** 0.085 0.154** 0.111* 1

Table 9. Kendall’s Tau (correlation) between the score of SoA, preference, sense of control, perceived performance, perceived ease of

use and perceived task success for the third experiment (* p < .05, ** p < .01, *** p < .001).
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