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As swarm robots begin to share the same space with people, it is critical to design legible swarm robot motion
that clearly and rapidly communicates the intent of the robots to nearby users. To address this, we apply
concepts from intent-expressive robotics, swarm intelligence, and vision science. Specifically, we leverage
the trajectory, collective behavior, and density of swarm robots to generate motion that implicitly guides
people’s attention toward the goal of the robots. Through online evaluations, we compared different types
of intent-expressive motions both in terms of legibility as well as glanceability, a measure we introduce
to gauge an observer’s ability to predict robots’ intent pre-attentively. The results show that the collective
behavior-based motion has the best legibility performance overall whereas, for glanceability, trajectory-based
legible motion is most effective. These results suggest that the optimal solution may involve a combination of
these legibility cues based on the scenario and the desired properties of the motion.
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1

INTRODUCTION

Swarms of autonomous robots are beginning to occupy our environment. They are being used for
many tasks such as transportation of goods and people [4], search-and-rescue [31], firefighting
[35], and agriculture [39]. These swarms of robots allow people to monitor large areas through
distributed sensing and manipulate objects both in a distributed and collective manner. Regardless
of the level of the robots’ autonomy, people will still play a significant role in human-swarm
interaction ranging from tele-operator [2] to supervisor [11] to end-user [29, 38].
To facilitate in situ interaction with a large number of mobile robots, it is important to enable
human observers to quickly “read” and predict what the robots are going to do. Researchers have
generated legible motion for a single robot to help users feel safer [45], accomplish tasks more
efficiently [6], and potentially build trust and human-robot rapport. As we approach the the future
of ubiquitous robots where people of various backgrounds will frequently encounter, collaborate,
and interact with groups of robots in public and personal spaces, we need to study the notion of
legibility not only for interaction with a single robot but also with groups of robots.
In this paper, we introduce the concept of glanceability for robot motion and explore how we
can improve both the legibility and glanceability for a swarm of robots. Given a large number of
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Fig. 1. We propose and evaluate different types of legible swarm robot motion based on trajectory, collective
behavior, and pre-attentive processing features. The blue circles represent robots that are moving toward
their goal represented by the white circles.

robots, it is unlikely that every robot will work on the same task simultaneously or that people
will be solely focusing on the robots. Instead, each robot will be optimally assigned to different
tasks and people will be attending to other tasks as well. In such circumstance, supervisors of these
robots face a daunting job of simultaneously overseeing many groups. To lessen the complexity, it
is important to generate a glanceable motion, which we define as being pre-attentively legible, to
expedite the robot monitoring process for observers. A glanceable motion differs from a legible
motion in that the former is designed to convey intent rapidly across different points along the
trajectory while the latter conveys intent early but not necessarily rapidly throughout the entire
trajectory.
In order to design legible and glanceable swarm robot motion, we leverage findings from the
legibility of a single robot’s motion [16], swarm intelligence literature [8], and visual perception
[47]. Specifically, we investigate how the trajectory-based legible motion that has been used for a
single robot [6, 17] can be applied to a group of robots, how collective behavior (e.g., rendezvous)
[41] could be used to inform the user about the goal, and how pre-attentive processing features
(e.g., density) [47] could be used in designing swarm motion that rapidly directs user’s attention
toward the desired goal.
The underlying mechanisms behind each of these legible motion strategies are different. Thus, we
expect that certain task and robot parameters will influence these motions in a different manner. For
instance, the algorithm behind trajectory-based legible motion is heavily dependent on the relative
locations of the targets while other motions, that are based on collective behavior or pre-attentive
processing feature, are only dependent on the absolute location. Thus, trajectory-based motion
may be more affected by how close the targets are compared to the other conditions. The size of
the initial spread of the robots may also have varying impact as the rendezvous condition might
benefit as the merging rate is increased whereas for other conditions, having larger spread may
only confuse observers as it is less clear where the center of the robots is.
Thus, we evaluated and compared the legibility and glanceability performance of the different
legible motions as well as the effects of target difficulty and initial spread. To investigate this, we
ran the two between-subject studies online using the Amazon Mechanical Turk platform. The study
results serve as guidelines on how to generate legible and/or glanceable swarm robot motion.
In summary, the contributions of this paper are:
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• introduction and design of collective behavior-based and pre-attentive processing featurebased legible motions,
• introduction of the concept of a glanceable robot motion,
• two crowdsourced between-subject studies to evaluate the legibility and glanceability performances of different types of legible motion, and
• guidelines for generating legible and glanceable swarm robot motion
2
2.1

RELATED WORK
Legible Robot Motion

To interact seamlessly with people, robots need to behave in a manner that is legible and comprehensible to people. Dragan et al. introduced a mathematical approach to generate legible motion
based on theories from psychology [17]. They also differentiated the concepts of predictability and
legibility depending on whether the direction of the inference is “action-to-goal” or “goal-to-action”
respectively. They proposed an algorithm based on the principle of rational action [15], Bayes’
Rule, and optimization to generate the legible trajectory. Many researchers have followed the basic
principle with adaptations to improve the performance of the algorithm [6, 51], increase legibility
taking into account of different viewpoints [36], and demonstrate that its performance depends on
the type of the manipulator [5]. Zhao et al. investigated the effects of different gripper orientations
and found that gripper pointing towards the target in a straight trajectory has the best performance
[51]. On the other hand, Bodden et al. [6] found their “point position” heuristic based algorithm
outperformed that from Dragan et al. Instead of conveying the robot’s destination, Mavrogiannis
et al. designed a planning framework that aims at generating motion that clearly communicates
an agent’s intended collision avoidance strategy [33]. While other methods have been proposed
to convey intent of robots such as Augmented Reality [42, 48], lights [3, 46], and gaze [19], these
approaches either require additional equipment or humanoid robots. Thus, we chose to use an
adapted version of the algorithm from Bodden et al. [6] to generate the trajectory-based legible
motion for simple non-humanoid robots in our studies. For a more thorough survey of the existing
work in legibility of robot behavior, refer to [30].
2.2

Legibility of Multi-Robot Motion

Recently, researchers have extended the concept of legibility to multi-robot systems. Capelli et al.
investigated the effects of three different motion variables (trajectory, dispersion, and stiffness)
on the legibility of a multi-robot system [10]. In a Virtual Reality (VR) setting, twenty virtual
robots were used to conduct the study. The results demonstrated that dispersion, stiffness, and
both in conjunction have significant effects on the response time. Higher dispersion and harder
stiffness led to faster response times, while the minimum-jerk trajectory was more accurate than
the arc-trapezoidal trajectory. Moreover, Capelli et al. ran a similar study but with multiple multirobot systems [9]. The results indicated that the trajectory and dispersion significantly impact the
prediction accuracy, while harder stiffness increased the prediction time, a result in contrast to that
of their previous study.
In this paper, we explore different types of legible swarm robot motion in terms of both legibility
as well as glanceability, a new measure of legibility that tests whether an observer can read the
intent of the robots pre-attentively. While we also adopt the trajectory-based legible motion similar
to Capelli et al., we use a different algorithm. Instead of relying on concepts from animation
[27] as done in [9, 10], we use an algorithm that has been proven to increase legibility [6]. We
also introduce and compare the performance of additional methods to enhance legibility such as
collective behavior-based and pre-attentive processing feature-based algorithms.
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Glanceability

Glanceable designs allow users to grasp information with only a quick look [7, 21, 32]. There are
many elements that can affect glanceability such as quantity and type of information as well as
design elements including color, shape, position, and size. Depending on the application, designers
have to determine how and where information is presented in order to strike a balance between
these elements without distracting user’s attention. For instance, Matthews et al. designed an
email display that used abstract representations, consisted of visually distinct components, and
maintained consistency [32].
One particularly relevant property of our visual system for glanceable design is pre-attentive
processing. While focused attention is only possible within a small portion of the visual field,
pre-attentive processing features such as color and shape are detected rapidly and in parallel within
the brief period of a single fixation [23]. The exact reason as to why certain information is processed
pre-attentively is unknown, but it is generally accepted that the selection is influenced by the
interaction of the salience of a stimulus and the observer’s current intentions and/or goals [18].
For instance, the speed and efficiency of pre-attentive processing is contingent on the observer’s
current intentions and/or goals [20]. In this paper, we primarily focus on controlling the salience of
the robot motion to improve its glanceability.
3

LEGIBILITY AND GLANCEABILITY OF A ROBOT MOTION

We first define the legibility and glanceability of a swarm robot motion. For legibility, we follow
the same definition as prior work in legibility of a single robot motion [5, 6, 17]. Legibility of a
robot motion entails how well and quickly an observer can predict the intent or goal of the robot
without any prior knowledge. It has been measured by how quickly observers are able to make a
prediction and by the self-reported prediction confidence rating [16, 36].
On the other hand, the concept of glanceability has not been introduced for a robotic motion.
Glanceability is also a measure of legibility but with an added constraint of exposure time. Instead
of seeing the entire robot trajectory, an observer sees only a short segment of the motion and needs
to predict the intent of the robot based on such limited information. Legible robot motion may
not always translate to glanceable motion because it is designed to convey intent early but not
necessarily rapidly across different points along the trajectory.
Glanceability is especially relevant in the context of human-multirobot interaction as observers
will have to monitor swarms of robots which cannot be done simultaneously. Instead of continuously
watching a robot, users will have to constantly shift focus from one group to another, spending
a limited amount of time on each group [14]. Thus, a glanceable swarm robot motion will be
more suitable for either sporadic interactions that require user’s attention only intermittently or
interaction with multiple groups of robots.
To define the time limit for glanceability, we rely on the visual perception literature as users
need to visually process the robot motion and infer its intent. Specifically, pre-attentive processing
has traits desirable for glanceable robot motion such as being processed rapidly and in parallel
without the need for focused attention [23, 47]. Hence, we propose a time limit of 250 ms, the upper
threshold for pre-attentive processing [23], because our goal is to generate a swarm robot motion
that can be processed pre-attentively. Mathematical formulations for both legible and glanceable
motions are defined in the sections 5.4 and 6.4 respectively.
4

DESIGN AND GENERATION OF LEGIBLE SWARM ROBOT MOTION

In order to design a legible swarm robot motion, we first formulate the problem as a non-linear
constrained optimization problem. Then, we introduce the commonly used optimization setup to
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plan the shortest trajectory from point A to point B and use this trajectory as the control condition.
To design the other methods, we explain how we leverage findings from prior works in single
robot legible motion [6, 17], swarm intelligence [34], and visual perception [23, 47]. The objectives
and design criteria are explained for trajectory, swarm behavior, and pre-attentive processing
feature-based legible motions.
4.1

Problem Formulation

As introduced by Witkin and Kass [50] and used by Bodden et al. to generate intent-expressive
motion [6], we use a trajectory optimization or spacetime constraints as the framework to construct
different types of legible swarm robot motion. An optimization problem is used to generate a trajectory that minimizes the given specified objectives. The constraints are used to enforce requirements
for the trajectory such as the initial and final locations.
A trajectory, 𝑋 , is a function that maps time to configurations of the group of 2-D mobile robots,
𝑋 : 𝑅− > 𝑅 2𝑛 , where n is the number of robots. 𝑋 (𝑡) is used to denote the configurations at time 𝑡,
and 𝑔(𝑋 ) and 𝑐𝑖 (𝑋 ) are the objective function and the set of constraints, respectively. The resulting
optimization for the duration of the trajectory, 𝑡 0 to 𝑡 𝑓 is set up as below:
𝑋 ∗ = argmin 𝑔(𝑋 ) subject to 𝑐𝑖 (𝑋 )
where 𝑋 ∗ denotes the optimal trajectory. We use the following constraints:
(1) begin in the designated positions with no overlap among the robots, 𝑋 (𝑡 0 ) = 𝑋 0 .
(2) end in the designated positions, 𝑋 (𝑡 𝑓 ) = 𝑋 𝑓
4.2

Straight Motion

A common path planning algorithm computes a trajectory that goes from the initial position to
the final position as quickly as possible without colliding with obstacles [24, 40] or is minimal in
the required energy [50]. Here, we use the setup below to compute the straight trajectory that
minimizes the overall length resulting in trajectories as depicted in Figure 2, and use it as the
control condition for the experiments.
∫ 𝑡𝑓
𝑆𝑡𝑟𝑎𝑖𝑔ℎ𝑡 =
∥𝑋 (𝑡) ′ ∥ 2 𝑑𝑡
(1)
𝑡𝑜

4.3

Trajectory-based Legible Motion

Leveraging and modifying the trajectory has been the state-of-the-art to improve the legibility of a
single robot motion [5, 6, 17, 36]. One of its main benefits is that it can be generalized to all types of
robots both with or without anthropomorphic features. While the exact weights and formula for the
legibility measure are not the same, the overall approach to generating a legible trajectory is similar
across different prior works in that they all optimize a sum of costs related to both the legibility and
functional costs (e.g., length and smoothness of the trajectory) to ensure reasonable and smooth
detour toward the target. A similar approach can be applied to the motion of a swarm of robots in a
centralized manner where they follow the same trajectory while maintaining equal distance among
the robots. Although some researchers have explored the idea of modifying trajectory to generate
legible multi-robot motion [9, 10], both papers employed an arc-trapezoidal trajectory based on
the animation principles of “Slow in and out” and “Arcs” from [27]. They did not use trajectory
specifically designed and proven to improve legibility of a single robot motion such as [6, 17]. Thus,
we propose using and evaluating the adapted algorithm from [6] to generate the legible trajectory
for a swarm of robots.
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Fig. 2. One of the common path planning algorithms minimizes the overall trajectory length resulting in a
straight motion. For a group of robots, this results in robots synchronously following a straight trajectory
toward the goal.

Goal
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S

Fig. 3. The trajectory-based legible motion is a result of the optimization of the distance from the predicted
goal to the actual goal (i.e., 𝑔(𝑋
® (𝑡))), the distance from the center of the robots to the goal (i.e., 𝑠®(𝑋 (𝑡))), and
the overall trajectory length (i.e., ∥𝑋 (𝑡) ′ ∥ 2 ).

We use the same optimization framework as shown below:
∫ 𝑡𝑓
𝐿𝑒𝑔𝑖𝑏𝑙𝑒 =
𝛼 ∥𝑔(𝑋
® (𝑡)) ∥ 2 + 𝛽 ∥®
𝑠 (𝑋 (𝑡)) ∥ 2 + 𝜖 ∥𝑋 (𝑡) ′ ∥ 2𝑑𝑡

(2)

𝑡𝑜

This minimizes the following components:
𝑔(𝑋
® (𝑡)) = 𝐺𝑜𝑎𝑙 − 𝑃 (𝑋 (𝑡), 𝑆)
𝑠®(𝑋 (𝑡)) = 𝐺𝑜𝑎𝑙 − 𝑋 (𝑡)
As shown in Figure 3, 𝑔(𝑋
® (𝑡)) is the vector from the observer’s predicted goal out of the set S of
possible goals to the actual goal, and 𝑠®(𝑋 (𝑡)) is the vector from the current position 𝑋 (𝑡) to the
actual goal. For the heuristic 𝑃 (𝑋 (𝑡), 𝑆), we use the "point position" formula from [6], where the
predicted goal will be the member of the goal set that is closest to the current position of the center
of the robots based on Euclidean distance.
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The optimization weights 𝛼 and 𝛽 determine the trade-off between direct/energy-efficient motions
and legible ones. All figures and experiments in this work use 𝛽 = 𝛼/10 and 𝜖 = 𝛼/10, the same
ratio used in [6]. The third term in Equation (3) is a regularization term (as mentioned in Section
3.1) to ensure continuity in joint angles. The resulting trajectories are applied such that the center
of the robots follow the trajectory while maintaining the same formation as shown in Figure 4.

Fig. 4. An example of trajectory-based legible motion is shown. The trajectories for each goal are shown
in gray lines but due to space constraints, only one instance is completely visualized where the robots follow
a curved trajectory toward the topmost goal while maintaining a constant formation during the trajectory.

4.4

Collective Behavior-based Legible Motion

In contrast to the trajectory-based legible motion where we optimized an objective for the entire
group of robots, collective behavior in swarms found in nature often emerges from a set of simple
distributed rules. Interestingly, these different swarm behaviors elicit different perceptions from
people even though they are not explicitly designed to do so [25]. For instance, rendezvous behavior
(i.e., agents moving toward the same location) is perceived as being more urgent and arousing than
torus behavior (i.e. agents moving in a circle) even without any context [25]. In addition, prior work
has shown the humans can perceive and recognize different swarm behaviors accurately (∼80%)
even with high levels of noise (>80%) [43, 49]. Thus, we leverage one of the collective behaviors,
rendezvous, to generate a legible motion and compare it with other types of legible motion.
The rendezvous behavior involves a large number of agents that move toward the same destination. In reality, while robots can move toward the same destination, they cannot occupy the exact
same space. Thus, we use the existing literature on circle packing to derive the final configurations
for the robots that are closely packed without any overlap [22]. This set of configurations is used
to define the final position constraint. To match the robots with the closest final configuration
that will result in the shortest overall length of the sum of the trajectories, we use the Hungarian
algorithm [26]. Note that the above two steps require some centralized coordination. Finally, the
straight trajectory for each robot is generated with equation 4.2. The resulting motions for each
target are shown in Figure 5.
4.5

Pre-attentive Processing Feature-based Legible Motion

Observing a swarm of round mobile robots resembles viewing an array of simple circles on a screen.
Thus, we explore utilizing existing knowledge in the vision perception field, specifically about the
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Fig. 5. An example of collective behavior-based legible motion is visualized where the robots are merging
toward the goal but the center of robots follow a straight trajectory. The gray lines indicate the trajectories of
the center of the robots for other goals.

pre-attentive visual processing features [47]. Researchers have identified visual parameters that
are processed subconsciously within approximately 250 ms and these factors include color, shape,
orientation, and density [23]. Since legible swarm robot motion needs to provide hints about where
the robots are headed, we saw potential in using the pre-attentive processing features as they could
rapidly direct user’s attention toward a desired region within the collection of the robots. Out of the
potential candidates (e.g., color, shape, size, etc.), we are particularly interested in using density as
it only requires the ability to control the distribution of the robots which is possible for any mobile
robots. Other pre-attentive processing features will require additional resources and capabilities
from the robots such as external light sources, and shape or size-changing ability.
In order to uniformly distribute the robots within the two regions of different densities, we
pre-computed this desired distribution by using the Centroidal Voronoi Tessellation (CVT) [37].
This method has been used to uniformly distribute robots for animation display with multiple
mobile robots [1] and mobile sensing network [12]. While an online approach such as bio-inspired
swarm algorithm [13] is desired and necessary for real-time applications, these approaches may
not yield the exact pattern that we would like to create (i.e., the pattern shown in Figure 6). Thus in
this paper, we focus on designing the desired motion and evaluating the legibility of this type of
motion before optimizing the computational performance for real-time interaction.
Unlike the previous types of legible motion, this motion requires rearrangement within the
robots to transition from the initial configuration to the desired distribution. Thus, to reach the
desired formation within a reasonable time, the speed of each robot is adjusted proportional to
the distance from each robot’s target similar to the method described in [1]. For this paper, we
tuned the parameters to ensure that the robots reached the desired distribution within 1 second.
An example of the resulting motion is shown in Figure 6.
5

EVALUATION 1: LEGIBILITY

To evaluate and compare the different legible motions, we ran two online studies to measure their
legibility and glanceability performances. Both experiments involved participants watching a video
of the robots moving toward one of the possible targets and making a prediction on the goal of
the robots. In the first study, we investigate how different parameters (i.e., types of legible motion,
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Fig. 6. An example of pre-attentive processing feature-based legible motion is shown. The robots change
formation while following a straight trajectory overall. Due to the space constraints, the transition from the
initial randomly distributed formation to the final formation is stretched.

initial spread of the robots, and target difficulty) impact the legibility of the swarm robot motion. In
addition to the different legibility cue conditions as discussed in the previous section, we investigate
the effects of initial spread of the robots and target difficulty as we expect these parameters to have
a different impact on the performance of different types of legible motion. For our task, the target
difficulty is determined by how many targets are adjacent to the goal as explained in section 4.3.
5.1

Hypotheses

The trajectory-based multi-robot legible motion is a direct adaptation of the prior work on single
robot legible motion [6, 17]. As prior work have shown the effectiveness of leveraging trajectory
to increase legibility of a motion, we also hypothesize that trajectory-based multi-robot legible
motion will also enhance legibility compared to the control condition. However, the heuristic used
to generate legible trajectory heavily depends on where the targets are relative to each other. Thus,
we hypothesize that trajectory-based legible motion will have better legibility performance for
easier targets.
While rendezvous behavior has not been used to enhance legibility of robot motion, robots
that merge toward a destination may provide additional information about the location of the
destination. Thus, we hypothesize rendezvous-based legible motion will have better legibility
performance than the control condition. Since the rendezvous-based legible motion only depends
on the absolute position of the goal, we hypothesize that the target difficulty will not affect its
legibility performance.
Similar to rendezvous behavior, density also has not been used to generate legible swarm robot
motion. However, it is one of the pre-attentive processing features [23, 47] that can be detected
rapidly by human visual processing pathways. Thus, we expect a trajectory that features a denser
region pointing toward the goal will improve the legibility at least compared to the control condition
without any additional cues about where the goal is. Similar to the rendezvous condition, density
condition also mostly depends on the absolute position of the goal with some dependence on the
initial robot distribution and thus should have similar legibility performance regardless of the target
difficulty.
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Contrary to other task parameters such as target radius, inter-target distance and distance
between the robots and targets, the initial radius of the circle encompassing the robots is a parameter
is a controllable parameter. We also expect it to have an impact on the legibility in general as well
as varying influence on each type of legibility cue. Prior work has shown that increasing dispersion
level decreases the prediction time [10], and thus we also expect decrease in prediction time. Since
the nature of different legibility cues are different, we expect different responses when the initial
radius is changed. For instance, rendezvous-based legible motion may benefit from larger initial
radius as that increases the merging rate of the motion, where as for the control and trajectory
conditions, a larger radius may only confuse observers as it is less clear where the center of the
robots is.
• Effects of Legibility Cue
H1.1 Trajectory-based legible motion will improve legibility compared to the control condition.
H1.2 Rendezvous-based legible motion will improve legibility compared to the control condition.
H1.3 Density-based legible motion will improve legibility compared to the control condition.
• Effects of Target Difficulty
H1.4 Trajectory-based legible motion will have better legibility performance for easier targets.
H1.5 Rendezvous-based legible motion will have similar legibility performance regardless of the
target difficulty
H1.6 Density-based legible motion will have similar legibility performance regardless of the target
difficulty.
• Effects of Initial Radius
H1.7 Larger initial radius will decrease prediction time.
H1.8 Initial radius will have different effects based on the type of legibility cue.
5.2

Task

Participants were asked to watch a set of videos in which a set of simulated robots begin on the left
side with five potential targets on the right side as shown in Figure 7. Robots moved towards one of
the targets and the objective for the participants was to stop the video when they were confident
about where the robots are going to. They then predicted where the robots are heading to by
selecting the goal and rated their confidence in their prediction on a Likert scale from 1 to 7. Three
parameters determine the difficulty of the task: the radius of the circle that initially encompasses
the robots (𝑅𝑖 ), the distance between the initial position and the targets, and the distance between
the targets. The values of the latter three parameters were determined experimentally to ensure
adequate difficulty, while the 𝑅𝑖 was one of the independent variables as we expected it to affect
how well each legibility condition performs. The size of the workspace and the robots were based
on realistic tabletop settings with centimeter-scale robots such as the Zooids [28]. The values of
the constant task parameters used and the initial radius are listed in Table 1. The different robot
motions were programmed in C++ in Visual Studio using the Zooids Simulator [28] which uses the
Hybrid Reciprocal Velocity Obstacle (HRVO) [44] for a collision-free and oscillation-free navigation
of multiple mobile robots.
5.3

Independent Variables

To test our hypotheses, we evaluate the performance of different legibility cues including control,
trajectory, rendezvous, and density which are shown in figure 8. As we expect the initial radius 𝑅𝑖
to have an impact on performances of different legibility conditions, we also tested three different
values of initial radius that were determined experimentally through pilot studies to ensure adequate
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Table 1. Task parameters for both evaluations.

Variable

Units

Value

𝑑𝑟 −𝑡
𝑅𝑟
𝑅𝑡
𝑑𝑡
𝑅𝑖

[m]
[m]
[m]
[m]
[m]

1.0539
0.013
0.05
0.1
0.125, 0.15, 0.175
(small, medium, large)

Description
Distance between the robots and targets
Radius of each robot
Radius of each target
Distance between adjacent targets
Initial radius values used for the studies

target radius, Rt
initial radius, Ri

inter-target
distance, dt
distance between robots and targets, dr-t
Fig. 7. Task setup for user study with robots initially on the left side and five targets on the right side

Fig. 8. Motion trajectories for different legibility cues. The gray arrows are only drawn to help differentiate
each legibility cue and were not visible to the study participants.

difficulty. Finally, we study the effects of the target location, as it affects the difficulty of the task, by
showing the participants videos of the robots moving toward each of the five targets. As the three
middle targets have more potential targets that could confuse observers, we labelled these three
targets as difficult and the two outer targets as easy. There is a total of 4 × 3 × 2 = 24 conditions
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with two between-subject factors (i.e., legibility condition and initial radius) and one within-subject
factor (i.e., target difficulty).
5.4

Measures

For each trial, we recorded the participant’s target prediction, prediction time, and prediction
confidence on a Likert Scale from 1-7 as done in [36]. we also combined these three answers into a
single legibility score metric similar to prior work [16, 36] as below: If the prediction is correct,
𝐿𝐸𝐺𝐼 𝐵𝐼𝐿𝐼𝑇𝑌 _𝑆𝐶𝑂𝑅𝐸 =

𝑇𝑡𝑜𝑡𝑎𝑙 − 𝑇𝑝𝑟𝑒𝑑𝑖𝑐𝑡 𝑅𝑐𝑜𝑛𝑓
×
𝑇𝑡𝑜𝑡𝑎𝑙
7

(3)

where 𝑇𝑡𝑜𝑡𝑎𝑙 is the total time duration from the initial position to the goal, 𝑇𝑝𝑟𝑒𝑑𝑖𝑐𝑡 is the time of
the prediction, and 𝑅𝑐𝑜𝑛𝑓 is the Likert scale rating of the prediction confidence. If the prediction is
incorrect, we assign a score of 0.
We also collected subjective ratings of the robots in terms of legibility and predictability using a
modified questionnaire from prior work [6]. On a seven-point scale, participants rated the statements
1-2 for legibility and statements 3-4 for predictability.
(1) It was easy to predict which target the robots were moving toward
(2) The robots moved in a manner that made their intention clear
(3) The robots’ motion matched what I would have expected if I knew the target before hand
(4) The robots’ motion was not surprising
5.5

Procedure

For the legibility task, participants were asked to watch and stop a 7-second long video either by
pressing space bar on the keyboard or clicking on the pause button on the screen when they felt
confident enough to make a prediction. Once the participants paused the video, they made their
prediction by clicking on one of the targets presented as gray circles and rated their prediction
confidence on a scale of 1-7. To familiarize with the task, participants went through a practice trial
and then began the experiment with five videos where they were shown robots moving toward
each of the five targets. Afterwards, participants filled out a questionnaire on the perception of the
robots in terms of legibility and predictability, and provided demographic information.
5.6

Participants

We recruited 283 participants through Amazon Mechanical Turk. For each of 12 conditions (4
legibility cue conditions x 3 initial radius), approximately 20 participants viewed and rated the
corresponding video. For quality control, only participants that satisfy the following requirements
were included in the analysis:
(1) Their Location is in the United States of America
(2) Their HIT approval rate is greater than 90
(3) Their Number of HITs approved is greater than 50
(4) They have not previously participated in any of our pilot studies
(5) They are not experiencing any symptoms that may affect performance in the experiment
(6) They have participated only once.
For the analysis, we removed 52 participants with duplicate IP addresses as well as those who
failed to follow the instructions correctly (i.e. did not pause or paused even before the robots started
moving).
Participants reported ages ranging from 18 to 81 with mean = 37.8 and SD = 12.4. A total of 51%
identified as men and 49% as women, and 21%, 63% and 16% of participants reported education
ACM Trans. Hum.-Robot Interact., Vol. 10, No. 3, Article 21. Publication date: July 2021.

Generating Legible and Glanceable Swarm Robot Motion

21:13

Table 2. Descriptive statistics of Study 1. Color depicts the ordering of results from dark blue (best performing)
to light blue (worst performing)
Radius1
M SD
Time
5.9 1.7
Objective Accuracy
1.0 0.2
Measures Confidence
5.6 1.0
Leg_Score
0.3 0.2
5.3 1.0
Subjective Legibility
Measures Predictability 5.5 1.0

***

7

Radius3
M SD
5.4 1.4
0.9 0.3
5.6 1.2
0.4 0.2
5.3 1.4
5.2 1.5

*

Trajectory
Radius1 Radius2 Radius3
M SD M SD M SD
6.1 1.7 5.4 1.5 5.6 1.6
0.9 0.3 0.9 0.4 0.9 0.3
6.0 0.8 5.8 1.1 5.7 1.1
0.3 0.2 0.4 0.2 0.4 0.2
5.6 0.7 5.5 1.4 5.3 0.8
5.3 1.0 5.5 1.4 5.4 1.1

Density
Radius2
M SD
5.9 1.5
0.9 0.2
6.1 0.9
0.3 0.2
5.3 1.5
5.8 1.2

Rendezvous
Radius1 Radius2 Radius3
M SD M SD M SD
6.6 1.5 5.6 1.4 5.7 1.4
1.0 0.2 1.0 0.2 1.0 0.2
6.5 0.8 6.0 0.9 6.5 0.7
0.3 0.2 0.4 0.2 0.4 0.2
5.9 1.4 5.8 1.0 6.1 0.8
5.8 0.9 5.8 1.0 5.9 0.7

Radius3
M SD
5.6 1.5
0.8 0.4
5.3 1.1
0.3 0.2
5.1 1.1
4.8 1.5

*

*

6

5
4
3
2
1

Radius1
M SD
6.2 1.5
0.9 0.2
6.1 0.8
0.3 0.2
5.5 0.9
5.3 1.2

7

*

6

Legibility Rating

Prediction Confidence

Control
Radius2
M SD
5.9 1.5
0.9 0.4
5.8 0.9
0.3 0.2
5.4 1.2
5.5 1.5

Control

Trajectory

Density

Rendezvous

Legibility Cue Condition

(a) Effects of legibility cue condition on self-reported
prediction confidence

5
4
3
2
1

Control

Trajectory

Density

Rendezvous

Legibility Cue Condition

(b) Effect of legibility cue condition on self-reported
legibility rating

Fig. 9. (a) Rendezvous had the highest confidence ratings among all conditions. (b) Rendezvous condition is
rated higher than density and control conditions.

levels of middle/high school, college and advanced degrees respectively. After completing the
experiment in 2.75 minutes on average, each participant received compensation at a hourly rate of
approximately $15.00 US dollars.
5.7

Analysis

To investigate both main and interaction effects for the overall legibility score, prediction time,
prediction confidence, and accuracy, we ran a 4 × 3 × 2 mixed-design ANOVA with two betweensubject factors (i.e., legibility condition and initial radius) and one within-subject factor (i.e.,
target difficulty). Then, we performed the Bonferroni-corrected post-hoc tests on the statistically
significant effects.
Similarly, we ran a 4 × 3 between-subjects ANOVA with with two between-subject factors (i.e.,
condition and initial radius) for the subjective ratings. Then, we performed the Bonferroni-corrected
post-hoc tests on the statistically significant effects.
5.8

Results & Discussion

The descriptive statistics of Study 1 are shown in Table 2. All the bar graphs (figures 9-12) plot the
mean and standard error. Significantly different pairs indicated by a bar accompanied by varying
numbers of ∗, where ∗: .01 ≤ 𝑝 < .05, ∗ ∗ : .001 ≤ 𝑝 < .01, and ∗ ∗ ∗: 𝑝 < .001. Only the statistically
significant results are described below.
5.8.1 Effects of Legibility Cue. Legibility cue had significant effects on prediction confidence
(𝐹 (3, 214) = 6.9, 𝑝 < 0.001, 𝜂 2 = 0.088) and self-reported legibility (𝐹 (3, 223) = 3.7, 𝑝 = 0.013, 𝜂 2 =
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0.5

Easy Targets
Hard Targets

Prediction Confidence

Legibility Score

0.4
0.3
0.2

**

***

0.1
0

Control

Trajectory

Density

Rendezvous

Legibility Cue Condition

(a) Interaction effects between target difficulty and
legibility cue conditions on the overall legibility score

***

7

***

*

6

*

5
4
3

***

***

Control

Trajectory

2
1

Density

Rendezvous

Legibility Cue Condition

(b) Interaction effects between target difficulty and
legibility cue conditions on prediction confidence

Fig. 10. (a) There are significant difference between the target difficulty levels for the control and trajectory
conditions but not for the density and rendezvous conditions. (b) For hard targets, rendezvous outperformed
all other conditions while it only outperformed the control condition for easy targets. The confidence ratings
are significantly different between the two target difficulty levels for control and trajectory conditions.

0.047) as shown in Fig.9a and 9b respectively. Out of the four different legibility cues, the rendezvous
behavior-based legible motion had the best legibility performance in terms of self-reported prediction confidence and self-reported legibility rating. It was rated significantly higher in prediction
confidence and self-reported legibility (𝐹 (3, 223) = 3.7, 𝑝 = 0.013, 𝜂 2 = 0.047). These results support
our hypothesis H1.2. On the other hand, density and trajectory-based legible motions did not
perform significantly better than the control condition failing to support our hypotheses H1.1 and
H1.3.
5.8.2 Effects of Target Difficulty. As expected, target difficulty had significant effects on all measures
including overall legibility score (𝐹 (1, 218) = 31.2, 𝑝 < 0.001, 𝜂 2 = 0.125), prediction confidence
(𝐹 (1, 214) = 34.24, 𝑝 < 0.001, 𝜂 2 = 0.138), prediction accuracy (𝐹 (1, 218) = 3.96, 𝑝 = 0.048, 𝜂 2 =
0.018), and prediction time (𝐹 (1, 214) = 16.95, 𝑝 < 0.001, 𝜂 2 = 0.073). Harder targets (i.e., three
targets in the middle) had lower legibility score, confidence ratings, and prediction accuracy, while
it had higher prediction time.
As shown in Fig 10a, 10b, and 11a, the interaction effects between legibility cue and target
difficulty demonstrated that both the control and trajectory conditions do not perform consistently
across different targets while density and rendezvous conditions do. We observed that the control
condition has lower overall legibility score (𝐹 (1, 56) = 9.0, 𝑝 = 0.004, 𝜂 2 = 0.139) and prediction
confidence (𝐹 (1, 56) = 16.1, 𝑝 < 0.001, 𝜂 2 = 0.223) for harder targets, but similar prediction accuracy
for both target difficulties. For trajectory-based legible motions, We saw a significant difference
across different target difficulties for overall legibility score (𝐹 (1, 59) = 27.1, 𝑝 < 0.001, 𝜂 2 = 0.315),
accuracy (𝐹 (1, 59) = 16.82, 𝑝 < 0.001, 𝜂 2 = 0.222) and prediction confidence (𝐹 (1, 58) = 18.99, 𝑝 <
0.001, 𝜂 2 = 0.247). It is surprising to find that the control condition is not rated consistently in terms
of prediction confidence since its trajectories do not alter based on where the target is. In contrast,
the trajectories for the trajectory condition heavily depend on number and location of other targets
relative to the goal. These results support H1.4-H1.6.
While the study results suggest that collective behavior-based motion is the most legible motion
in terms of self-reported prediction confidence and self-reported legibility rating, different legible
cues had varying performances based on the context or difficulty of the task. For instance, the
trajectory condition had the highest overall legibility score when the target difficulty was easy
(mean=0.429) albeit not significantly as shown in Fig. 10a. Thus, this suggest that it may be best
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(a) Interaction effects between target difficulty and
legibility cue conditions for prediction accuracy

(b) Effects of initial radius on prediction time

Fig. 11. (a) There was a significant difference between the target difficulty levels for trajectory condition, and
the accuracy was significantly higher for rendezvous condition than trajectory condition when the target
difficulty was hard. (b) With larger initial radius values, the prediction time significantly decreased.
*
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100%

Control Trajectory Density Rendezvous

Prediction Confidence
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60%

*
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(a) Interaction effects between target difficulty and
initial radius for prediction accuracy

6

*

5
4
3
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***
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(b) Interaction effects between initial radius and legibility cue conditions for prediction confidence

Fig. 12. (a) For hard targets, medium and large radius trials had lower accuracy than small radius trials. For
medium and large radius trials, there were significant difference between the two difficulty levels. (b) For
large initial radius trials, rendezvous had better scores than all other conditions while it only had better score
than the control condition for small radius trials. The confidence ratings decreases with the large radius.

to use a combination of different legibility cues based on the context. For instance, when moving
toward targets that are easier, trajectory-based legible motion can be used whereas for harder
targets, robots could rendezvous toward the goal.
5.8.3 Effects of Initial Radius. The effects of initial radius are mixed. For prediction time, there was
a significant main effect (𝐹 (2, 214) = 5.53, 𝑝 = 0.005, 𝜂 2 = 0.049) as shown in Fig. 11b where the
participants made the prediction more quickly when the radius was larger. However, there are also
interaction effects with target difficulty on prediction accuracy (𝐹 (2, 218) = 5.23, 𝑝 = 0.006, 𝜂 2 =
0.046), where the accuracy decreases with larger initial radius as shown in Fig. 12a. This trend of
faster prediction agrees with prior work [10], while the decrease in accuracy has not been shown
before. This could be due to the difference in task difficulty as the targets in our task are much
closer to each other than those from [10]. These results support H1.7 but also provide evidence
that accuracy is decreased with larger radii, especially for hard targets.
As hypothesized in H1.8, initial radius had different effects based on the type of legibility cue.
As shown in Fig. 12b, there were interaction effects between legibility cue and initial radius on
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prediction confidence (𝐹 (6, 214) = 2.44, 𝑝 = 0.026, 𝜂 2 = 0.064). In particular, only the densitybased legible motion was significantly affected by the change in initial radius (𝐹 (2, 53) = 6.47, 𝑝 =
0.003, 𝜂 2 = 0.196) while others were unaffected. We saw a decrease in prediction confidence with
an increase of initial radius for density conditions. This suggests that the density-based legible
motion could be further optimized especially for different radii. In addition, there were significant
effects of conditions for small (𝐹 (3, 74) = 4.69, 𝑝 = 0.005, 𝜂 2 = 0.160) and large initial radius values
(𝐹 (3, 68) = 6.39, 𝑝 < 0.001, 𝜂 2 = 0.22). When the initial radius is small, rendezvous condition has
higher confidence score than the control condition. For middle initial radius trials, there was no
significant effect, while rendezvous condition had higher ratings than all other conditions for
largest initial radius trials. This indicates that rendezvous-based motion is most legible motion
when the robots are more widely spread out.
6

EVALUATION 2: GLANCEABILITY

With a swarm of robots, it is unlikely that all of the robots will be performing the same task
simultaneously or that people will be solely focusing on the robots. Rather, groups of robots will be
assigned to different tasks in order to optimize the overall efficiency and people will be attending
to other tasks. In such scenarios, supervisors of these swarm robot systems face an exhausting
and complex task of trying to monitor multiple groups at the same time. To alleviate some of the
burden, we aim to design glanceable swarm robot motion that can be understood by observers
with a quick glance. While researchers have used different thresholds for glanceable design [21], in
this paper our goal is to generate robot motion that can be processed pre-attentively and thus use
the threshold of 250 ms [47]. Thus, the task remains the same as the previous study except that the
participants are shown 250 ms long videos of different segments along the trajectory. Using the set
of motions described in Section 3, we evaluate their glanceability and the effects of task parameters
such as target difficulty and initial radius.
6.1

Hypotheses

The trajectory-based legible motion plateaus after the initial leap toward the goal. Thus, we expect
trajectory condition to perform better than the control condition only in the beginning but not
during the later half. On the contrary, both density and rendezvous conditions provide constant cue
toward the goal throughout the trajectory and thus we expect both to improve the glanceability
consistently compared to the control condition.
As the algorithm for trajectory condition depends on the relative positions of the targets, we
expect that the trajectory-based legible motion will have different glanceability performance based
on the target difficulty whereas both density and rendezvous-based legible motion will not as their
algorithm only depend on the absolute location of the goal.
For the initial radius, we hypothesize that it will have a different impact on each of the legibility
cue similar to the prior experiment. Larger radius may be beneficial for rendezvous condition as
the angle of rendezvous becomes larger whereas it may decrease the glanceability for trajectory
and density conditions as the center of the robots may be less clear to the observers.
• Effects of Legibility Cue
H2.1 Trajectory-based legible motion will only improve glanceability in the beginning but not
during the later half of the trajectory compared to the control condition.
H2.2 Rendezvous behavior-based legible motion will constantly improve the glanceability throughout the trajectory compared to the control condition.
H2.3 Density-based legible motion will constantly improve the glanceability throughout the
trajectory compared to the control condition.
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• Effects of Target Difficulty
H2.4 Trajectory-based legible motion will have better glanceability performance for easier targets.
H2.5 Rendezvous-based legible motion will have similar glanceability performance regardless of
the target difficulty.
H2.6 Density-based legible motion will have similar glanceability performance regardless of the
target difficulty.
• Effects of Initial Radius
H2.7 Initial radius will have different effects based on the type of legibility cue.
6.2

Task

Similar to the previous study, participants watched videos and were asked to predict which target
the robots are heading to. The setup of the task was exactly the same as before except for one part.
Instead of having them watch the full trajectory and asking them to pause the video when they are
confident about their prediction, participants watched a short 250 ms clip of the robots moving
toward one of the targets with 2 seconds of blank screen with only the five targets shown. They
were then asked to predict the goal target as well as their prediction confidence on a Likert scale
from 1 to 7.
6.3

Independent Variables

In addition to the set of independent variables used in the prior study, we varied the timing of
video segment shown to the participants. As we wanted to evaluate the glanceability of the motion,
we only displayed 250 ms segment of the 7-second long trajectory at specific moments. As it is
desirable to convey the intent of the robots as early as possible, we chose to show participants
250 ms clips beginning at 1 second (i.e., time 1) and 2 second (i.e., time 2) of the trajectory. As
prior study indicated that most participants make the prediction around 4 second (i.e., time 4), we
decided to show 250 ms at the 4 second as well.
6.4

Measures

There currently is no measure or instrument for glanceability. Hence, we propose a glanceability
score metric which is defined as a weighted sum of the product between the prediction accuracy
(0 if incorrect, and 1 if correct) and self-reported prediction confidence at different times along
the path. This metric is similar to that for legibility score as defined in previous study and prior
work [16, 36], where the legibility scores at each time stamp are aggregated to generate a single
legibility score for the entire path. Higher weights are assigned for correct predictions earlier in the
trajectory as it is desirable to convey the intent of the robots as early as possible. In our experiment,
we recorded the participant’s goal prediction and prediction confidence for each trial on a Likert
Scale from 1 to 7. Then, we summed the predictions and prediction confidence ratings from 1, 2,
and 4 seconds into a single glanceability score metric as below:
𝐺𝐿𝐴𝑁𝐶𝐸𝐴𝐵𝐼𝐿𝐼𝑇𝑌 _𝑆𝐶𝑂𝑅𝐸 =

Õ𝑇

𝑡𝑜𝑡𝑎𝑙

𝑇

−𝑇

𝑇𝑡𝑜𝑡𝑎𝑙

×

𝑅𝑐𝑜𝑛𝑓
× 1[𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 == 𝐶𝑜𝑟𝑟𝑒𝑐𝑡]
7

(4)

where T is the time of the segment shown to the participants (i.e., 1, 2, and 4 for this study), 𝑇𝑡𝑜𝑡𝑎𝑙
is the total time duration from the initial position to the goal, and 𝑅𝑐𝑜𝑛𝑓 is the Likert scale rating of
the prediction confidence.
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Table 3. Descriptive statistics of Study 2. Color depicts the ordering of results from dark blue (best performing)
to light blue (worst performing)

Objective
Measures

Subjective
Measures

6.5

Accuracy_1
Accuracy_2
Accuracy_4
Confidence_1
Confidence_2
Confidence_4
Glance_Score
Legibility
Predictability

Radius1
M SD
0.6 0.2
0.7 0.3
0.8 0.2
4.9 1.5
5.3 1.5
5.5 1.2
1.0 0.4
4.8 1.3
4.9 1.3

Control
Radius2
M SD
0.5 0.3
0.7 0.3
0.9 0.2
5.3 1.1
5.5 0.9
5.8 0.7
1.1 0.4
5.6 0.9
5.2 1.2

Radius3
M SD
0.5 0.2
0.6 0.3
0.8 0.3
4.9 1.2
5.2 1.0
5.6 0.8
0.9 0.3
4.4 1.5
4.8 1.1

Trajectory
Radius1 Radius2 Radius3
M SD M SD M SD
0.7 0.3 0.7 0.2 0.6 0.2
0.7 0.3 0.7 0.2 0.7 0.3
0.9 0.2 0.8 0.2 0.9 0.2
5.1 1.3 4.6 1.2 5.4 1.0
5.2 1.2 5.2 0.9 5.4 1.0
5.8 1.1 5.5 0.8 5.8 0.8
1.1 0.4 1.1 0.3 1.1 0.3
5.2 1.2 4.8 1.5 5.1 1.0
5.2 1.4 5.2 1.3 4.7 1.1

Radius1
M SD
0.4 0.3
0.6 0.3
0.8 0.3
5.1 1.0
5.4 0.9
5.6 0.8
0.9 0.4
4.9 1.0
4.7 1.1

Density
Radius2
M SD
0.6 0.3
0.7 0.2
0.9 0.1
4.8 0.9
5.2 0.8
5.8 0.8
1.1 0.3
5.3 1.2
5.3 1.2

Radius3
M SD
0.5 0.3
0.6 0.2
0.7 0.3
5.1 0.8
5.3 0.8
5.6 0.9
0.9 0.4
5.1 1.3
5.4 1.0

Rendezvous
Radius1 Radius2 Radius3
M SD M SD M SD
0.5 0.3 0.4 0.3 0.5 0.3
0.6 0.3 0.6 0.3 0.6 0.3
0.9 0.2 0.9 0.2 0.8 0.3
5.2 1.0 5.4 0.9 4.8 1.0
5.3 1.0 5.5 0.8 5.0 0.9
6.0 0.5 5.9 0.6 6.0 0.6
1.0 0.3 1.0 0.3 0.9 0.3
5.1 1.0 5.1 1.2 4.8 1.0
5.2 1.0 5.1 1.6 4.8 1.4

Procedure

Participants were first instructed about what their task is. They then watched 250 ms long clips of
the swarm robot motion a total of 15 times with 5 different targets and 3 segments in a random
order. After watching all the videos, participants filled out a questionnaire on the perception of the
robots and provided demographic information.
6.6

Participants

We recruited 240 participants through Amazon Mechanical Turk. For each of the 12 conditions
(4 conditions x 3 initial radius values), approximately 20 participants were randomly assigned
to a condition. They then viewed and rated 15 randomized videos (5 different targets x 3 time
segments) corresponding to that condition. For quality control, we had the same requirements as in
the previous legibility study. For the analysis, we removed 9 participants with duplicate IP addresses
as well as those who failed to follow the instructions correctly (i.e. did not fill out demographics
information appropriately).
Participants reported ages ranging from 20 to 72 with mean = 35.7 and SD = 10.6. A total of
55.4% identified as men, 44.2% as women, and 0.4% as non-binary, while 23.4%, 63.2% and 13.4%
of participants reported education levels of middle/high school, college and advanced degrees
respectively. After completing the experiment in 6.6 minutes on average, each participant received
compensation at a hourly rate of approximately $15.00 US dollars.
6.7

Analysis

To investigate both main and interaction effects for the overall glanceability score, prediction
confidences, and accuracies at times 1, 2 and 4, we ran a 4 × 3 × 2 mixed-design ANOVA with
two between-subject factors (i.e., condition and initial radius) and one within-subject factor (i.e.,
target difficulty). Then, we performed the Bonferroni-corrected post-hoc tests on the statistically
significant effects.
Similarly, we ran a 4 × 3 between-subjects ANOVA with with two between-subject factors (i.e.,
condition and initial radius) for the subjective ratings. Then, we performed the Bonferroni-corrected
post-hoc tests on the statistically significant effects.
6.8

Results & Discussion

The descriptive statistics of Study 1 are shown in Table 3. All the bar graphs (Figure 13-16) plot the
mean and standard error. Significantly different pairs indicated by a bar accompanied by varying
numbers of ∗, where ∗: .01 ≤ 𝑝 < .05, ∗ ∗ : .001 ≤ 𝑝 < .01, and ∗ ∗ ∗: 𝑝 < .001. Only the statistically
significant results are described below.
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Fig. 13. (a) The trajectory condition had significantly higher prediction accuracy than other conditions at
time 1. (b) In terms of overall glanceability score, there is a significant difference between the target difficulty
levels for trajectory condition but not for other conditions.

6.8.1 Effects of Legibility Cue. The legibility cue had significant effects on prediction accuracy at
time 1 (𝐹 (3, 248) = 6.5, 𝑝 < 0.001, 𝜂 2 = 0.073) as shown in Fig. 13a. At time 1, trajectory condition
had significantly higher accuracy than other conditions. Diving deeper, we see from Fig. 14 that the
trajectory condition led to higher prediction accuracy than other conditions when the targets were
hard at times 1 and 2. These results support H2.1 as the trajectory condition performs better than
other conditions in the beginning but the performance becomes similar at time 4. On the other
hand, both density and rendezvous conditions did not significantly improve accuracy or confidence
at all times except at time 4, when rendezvous condition had higher confidence ratings than others
for harder targets. These results fail to support H2.2-H2.3.
6.8.2 Effects of Target Difficulty. The target difficulty had significant effects on the overall glanceability score (𝐹 (1, 218) = 11.3, 𝑝 < 0.001, 𝜂 2 = 0.049) as well as on prediction confidence at time
1 (𝐹 (1, 248) = 46.6, 𝑝 < 0.001, 𝜂 2 = 0.158), time 2 (𝐹 (1, 248) = 56.6, 𝑝 < 0.001, 𝜂 2 = 0.186), and
time 4 (𝐹 (1, 248) = 91.6, 𝑝 < 0.001, 𝜂 2 = 0.27). As expected, the overall glanceability score and the
confidence ratings at all times were lower for harder targets.
As shown in Figures 13b, 14, and 15, there were significant interaction effects between target
difficulty and legibility cue on overall glanceability score (𝐹 (3, 218) = 7.6, 𝑝 < 0.001, 𝜂 2 = 0.095),
prediction accuracy at time 1 (𝐹 (3, 248) = 7.8, 𝑝 < 0.001, 𝜂 2 = 0.087) and time 2 (𝐹 (3, 248) = 4.9, 𝑝 =
0.003, 𝜂 2 = 0.056) as well as prediction confidence at time 4 (𝐹 (3, 248) = 3.1, 𝑝 = 0.027, 𝜂 2 = 0.036).
The results demonstrated that when the targets were easier, the trajectory-based legible motion
had significantly higher prediction accuracy at time 1 (𝐹 (1, 64) = 11.3, 𝑝 = 0.001, 𝜂 2 = 0.151),
time 2 (𝐹 (1, 64) = 10.3, 𝑝 = 0.002, 𝜂 2 = 0.138), and time 4 (𝐹 (1, 64) = 5.4, 𝑝 = 0.023, 𝜂 2 = 0.078)
as well as higher confidence ratings at time 1 (𝐹 (1, 64) = 12.6, 𝑝 < 0.001, 𝜂 2 = 0.164), time 2
(𝐹 (1, 64) = 31.3, 𝑝 < 0.001, 𝜂 2 = 0.328), and time 4 (𝐹 (1, 64) = 34.7, 𝑝 < 0.001, 𝜂 2 = 0.352)
supporting H2.4.
In contrast to the trajectory-based legible motion, the rendezvous-based legible motion had
similar prediction accuracies across two target difficulties at all times while having significantly
higher confidence ratings for easier targets at time 2 (𝐹 (1, 61) = 6.1, 𝑝 = 0.016, 𝜂 2 = 0.091) and time
4 (𝐹 (1, 61) = 5.1, 𝑝 = 0.027, 𝜂 2 = 0.077). In terms of the accuracy, H2.5 is supported but not in terms
of the prediction confidence. However, it is worth noting that even for the confidence ratings, the
p-values for rendezvous condition are only marginally lower than 0.05 whereas the p-values for
the other conditions are much lower (i.e., 𝑝 < 0.001) as shown in Fig. 15. This suggests that the
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rendezvous-based legible motion is less affected by the target difficulty than other types of legible
motion.
Lastly, the density-based legible motion had significantly higher prediction accuracy at time 1
with harder targets, and had significantly higher confidence ratings for easier targets at all times.
These results reject H2.6 in terms of both accuracy and confidence.
6.8.3 Effects of Initial Radius. The initial radius only had one significant interaction effect with
the target difficulty on prediction confidence at time 1 (𝐹 (2, 248) = 4.5, 𝑝 = 0.012, 𝜂 2 = 0.035)
as shown in Fig. 16. Specifically, the target difficulty had significant effects for small (𝐹 (1, 79) =
21.3, 𝑝 < 0.001, 𝜂 2 = 0.213) and large initial radius conditions (𝐹 (1, 78) = 25.8, 𝑝 = 0.012, 𝜂 2 = 0.249).
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However, as we did not observe any interaction effects between radius and legibility cue, we cannot
accept H2.7.
7

DISCUSSION

From the two evaluations on the legibility and glanceability, we observed both similar and different
trends. In general, we found that the rendezvous-based legible motion has the highest legibility
score whereas the trajectory-based motion is the most glanceable motion. However, a closer look
at the results reveals that the trajectory condition performs especially well when the robots are
heading toward the easier targets both in terms of glanceability and legibility as shown in Fig. 10a
and 13b. Thus, one interpretation of these results is that we should employ trajectory-based legible
motion for the easier targets while using rendezvous behavior for the more difficult targets.
The legibility study results suggest that the trajectory-based legible motion does not perform as
well when applied to a group of robots rather than a single robot. While prior work in legibility
of a single robot motion showed significant difference in legibility between straight and legible
trajectory conditions [6, 17], we did not see such significant results between the two. This may
suggest that the number of robots itself impacts the legibility as there are more robots heading
toward the goal. In contrast, we see significant improvement in glanceability especially in the
earlier segments of the trajectory for difficult targets. This may be due to the logarithmic nature
of the trajectory-based motion where the robots initially move drastically away from non-targets
compared to other types of legible motion. This exaggeration seem to help convey intent of the
robots to the observers especially when exposed to short snippets of the motion.
As we hypothesized, the target difficulty had significant impact on both the legibility and
glanceability of the trajectory-based motion. For all measures, there was a significant difference
between the easy and hard targets. This may be one of the reasons why we did not see a significant
improvement in legibility as our task may have been more difficult than those from prior work [6, 17].
On the contrary, for rendezvous and density conditions, the target difficulty had no effect on legibility
and minor effects on glanceability mostly in terms of the prediction confidence. These results suggest
that if consistency in legibility or glanceability (i.e., small variance in legibiliy/glanceability across
different targets) is the main objective, the rendezvous or density-based motions are more suitable
solutions than the trajectory-based motion.
Initial radius parameter had significant impacts on legibility in terms of prediction time, accuracy,
and confidence. When the initial radius was smaller, participants were able to make the prediction
earlier for both easy and hard targets, and more accurately for hard targets. When the robots are
widely spread (i.e., larger initial radius value), rendezvous-based motion significantly outperforms
all other types of motion potentially due to the more drastic merging effect. In contrast, for
glanceability, initial radius parameter only had a significant interaction effect with target difficulty
on prediction confidence at time 1. This is surprising as the effects of initial radius are quite different
from those for legibility. These discrepancies between the results from the two studies suggest that
legibility and glanceability need to be both explicitly taken into account when designing swarm
robot motion because the most legible motion does not necessarily translate to the most glanceable
motion.
8

LIMITATIONS & FUTURE WORK

This work provides preliminary investigation of different ways to enhance legibility of a multi-robot
system. While we varied some parameters (e.g., the initial radius and the target difficulty) in addition
to the legibility cue, we did not explore the effects of any other task parameters, such as target
locations, which may affect the performance of different types of legible motions. The task setup is
also quite simplistic with a top-down view and a row of aligned targets. Thus, the study results
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may not generalize for real-life scenarios where people will be viewing these robots at different
angles and with various unstructured target compositions. Future studies should explore whether
and how these different task parameters alter the trends observed from this work.
For the density-based legible motion, we used circular shapes for both the denser and sparser
regions. Different shapes, such as a denser line inside a sparse circle pointing toward the goal, could
be used to better direct user’s attention toward the goal. In addition, the radius ratio between the
denser and sparser regions is kept the same for different initial radius values. As we see that even
changing the absolute size impacts the prediction confidence, we expect that increasing this ratio
could further improve the legibility of the motion.
For the rendezvous-based legible motion, further investigation on the effects of initial radius
values could be beneficial. While we did not observe any significant effect of radius on the performance of swarm behavior-based legible motion, we did not test a wide range of initial radii. With a
drastically larger radius, we expect to see an increase in performance for rendezvous conditions
while other conditions will perform worse. Other parameters could be explored as well. For instance, instead of having robots rendezvous straight toward the goal, they could merge earlier in
the trajectory and then move straight toward the goal as a more compact unit.
For glanceability study, we used a threshold of 250 ms as we wanted to evaluate which motion can
be processed pre-attentively. However, the study results may have been different if the threshold
was longer or shorter. We found that when given the freedom to observe the entire trajectory,
the result was different in that the rendezvous condition had the best performance instead of the
trajectory condition. While our study results may serve as a starting point, further studies should
be conducted to verify if our glanceability results still hold for the desired application.
While this work investigates these different types of legible motions independently, we see an
opportunity to combine them in a novel way. The most straightforward way would be to have
the robots rendezvous or form patterns that pre-attentively direct the user’s attention toward the
goal, while following the legible trajectory. Another method could involve manipulating when
each cue is triggered to guide users toward the goal. For example, robots could first follow the
legible trajectory and then rendezvous toward the goal. Future work could focus on optimizing
these combinations.
Another way to combine these motions is to change the type of legible motion based on the
context of the task such as the difficulty or location of the target. As we observe significant effects of
task parameters (i.e., target difficulty and initial radius) on legibility and glanceability, we could use
the motion optimal for each setting. For instance, we would deploy trajectory-based motion for easy
targets and rendezvous-based motion for hard targets when optimizing based on the legibility score.
One potential issue with this approach is that users may find the mixture of motions confusing as
there is a lack of consistency across trials. Further studies are needed to evaluate whether people
can adapt to this hybrid approach or prefer a more consistent approach.
This work focuses on conditions where all of the robots are moving toward only one static goal.
In the real world, there will be cases when robots will need to reach and manipulate multiple
moving objects. While Capelli et al. explored this problem of multiple objects, they applied and
used the same motion parameters (i.e., dispersion, trajectory, and stiffness) that they used for one
target instead of exploring new ways to tackle the multi-target problem [9]. In the future, we plan
to explore different combinations of the features, both from this paper and prior works, to address
the multiple moving target problem.
9

CONCLUSION

Given the potential for multi-robot systems that interact and collaborate with people, it is important
to equip these robots with intent-expressive movements that facilitate such experiences. In this
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work, we explored the use of trajectory, collective behavior, and pre-attentive processing features
in order to generate legible and glanceable swarm robot motion. We ran two online studies to
compare the legibility and glanceability of the different legibility cues. The study results suggest
that the rendezvous behavior-based motion is the most legible with the highest confidence whereas
the trajectory-based motion has the highest glanceability. We also observed significant effects of
task parameters like the radius of the initial circle that surrounds the robots and the location of the
targets which determines the difficulty level. Rather than a one-size-fits-all solution, generating
legible and glanceable swarm robot motion may require a more complex solution that consists of a
combination of these different legibility cues based on the context of the task.
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