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ABSTRACT
In this paper we present a study on collaborative manipu-
lation between a robot and multiple users. This work fo-
cuses on understanding how different motion types impacts
people’s perception of the robot’s objective in a multi-user
situation. To deal with this problem an approach based on
Collaborative Probabilistic Movement Primitives to gener-
ate the robot’s movements was developed, embracing the
notions of predictability and legibility of movement to ex-
press intentions through motion. Besides testing the impact
of movement only with predictable and legible motions, we
propose a third approach - hybrid motion - that gives the
robot the capability of deciding between executing a pre-
dictable motion or a legible motion depending on what the
robot perceives as better in terms of collaboration, given
the fact that it interacts with more than one user. To test
the impact that these three approaches have on people, we
designed an user study with a Baxter robot, where it will
fill cups of water to three people that are asking it simul-
taneously, while trying to be as expressive as possible. The
results obtained show that the hybrid motion performs bet-
ter than the other motions in this particular scenario.
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1. INTRODUCTION
Robots are now evolving from being used as mere tools

that help fulfill a task to entities that work and co-habit
alongside humans. In order to achieve such milestone, robots’
intentions need to be predictable, so as not to confuse, sur-
prise or even scare humans and easily understandable, so as
to allow quick adaptation to the robot.

In this paper we present a work that focuses on how dif-
ferent kinds of motions affect the transmission of intent dur-
ing a collaborative manipulation task, between a robot and
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multiple people. Specifically, the paper studies the effects
in both the fluency of the collaboration as well as in the
efficiency of the intention transmission by the robot.

Formally, the question that drives this work is ”In a mul-
tiple user collaborative manipulation task, what is the best
type of trajectory to perform, in order to minimize confusion
between users regarding the robot’s target?”

An example of a task we envision consists in having a
robot serving as a bartender, with the task of filling a cup
of water to one of several customers. In this case, if the
robot performs a surprising motion, human users may be-
come confused regarding as to whom the robot is serving
and the wrong person can end up being served. On the
other hand, if the motion is clear, the chance of mistakes by
the users decreases and the fluidity of the task increases.

We use an approach based on the notions of legibility and
predictability[4] to express intention through motion and the
use Collaborative Probabilistic Movement Primitives[18] to
generate new movements for the robot. Additionally, we
propose a new approach that combines both notions of legi-
bility and predictability in order to exploit their advantages.

We hypothesize that this new approach will yield better
results than the puristic approaches and also that people
will prefer this approach to the other motion types.

2. RELATED WORK
Human-Robot collaboration is an area with much focus

and extensive studies on how to better the collaboration be-
tween humans and robots. Either on a more technical level,
through bettering the movement of the robots[17, 19, 20, 1,
7], or more in terms of the interaction and communication
of intentions.[6, 10, 24, 3]

In [21, 19, 20], Mainprice et al. suggest approaches that
allow a robot to move in close proximity to people or during
collaboration tasks in a safe and efficient manner. Their
approaches are based on planning the robot’s movement,
using information regarding human’s motion and occupancy
of the physical space to predict how they will move and move
accordingly. In [19, 20] they focus on manipulation tasks and
use not only information regarding space occupancy but also
on how people reach for an object, in order for the robot to
be able to the movements. They combine an offline training
phase with online continuous tracking of the human’s action
to re-plan the movements when changes to the workspace
occur.

Another example of works that focus on improving collab-
oration using robot’s movement, are the works of Amor et



al.[1], Ewerton et al.[9] and Maeda et al.[17]. These works
present alternatives to the use of planning to determine the
best movement to perform in a collaboration task. In these
works, the authors present and improve two approaches,
that use learning from demonstration, to create models for
the robot’s movement and then generate movements to new
targets. In [1], the authors present an approach based on
Dynamic Motor Primitives (DMP)[15] - a representation of
movements using dynamical systems - that also represents
the joint movements of the two partners in an interaction
called Interaction Primitives (IP). This approach allows the
robot to correlate its movements and the human partner’s,
bettering the collaboration effort. In [17], the authors use
an approach that instead of using DMP, propose the use
of Probabilistic Movement Primitives (ProMP)[22] - a dis-
tribution over trajectories that are correlated spatially and
temporally - to combine multiple demonstrated trajectories
for different tasks. With this, the robot not only executes
one single collaboration task, but recognizes when the task
changes and acts accordingly.

Besides focusing on discovering better approaches for a
robot to move in collaboration tasks, another path taken
is to research how to improve the interaction between the
robot and the human team during the collaboration. These
works focus on studying the impact of communication both
implicit as explicit during the task execution. Works like [3,
8, 23] show how implicit communication using body move-
ment, haptic communication, gaze, etc. play an important
role during collaboration, because people are always look-
ing for cues that allow them to infer the movements and
intentions of their partners to better adapt to them.

Based on those conclusions many different approaches have
been presented: some focusing on getting cues from humans
in order to anticipate human actions[16], others on creating
movements that are more expressive by displaying anticipa-
tory motion allowing humans more time to respond to the
robot[10].

Dragan et al.’s works [7, 4, 5], show how to use anima-
tion principles in robot motion[24] with the expressiveness
of anticipatory motion[10] to create movements that allow
humans to quickly discern the robot’s objective. They for-
malized two concepts - predictability and legibility - that
have been shown to improve collaboration between humans
and robots and to decrease time humans take to understand
the robot’s intentions.[6] These concepts were shown to be
especially important in scenarios where the robot’s objec-
tive is not easily identified, with movements that are more
readable allow people to better understand them.

A final aspect important in every collaboration task is that
both parties trust on the other’s capability to fulfill their
part. This holds in human-robot collaboration, as shown
in [13], where people that trust more on the robot, tend to
interfere less with its work, resulting in a more efficient col-
laboration. A clear definition of each other’s roles and the
naturalness of the robot’s movement also play an impor-
tant role on the trust and safety a person feel when working
with a robot. The clear definition of the roles and hierarchy
of each participant in the task allow the humans involved
to adjust their expectations regarding the robot’s actions
and allowing better task fluency and understanding of the
robot.[11, 12] The naturalness is important, because people
when collaborate with robots that are more human like they
tend to supervise less what the robot is doing and focus more

on what they have to do.[13]

3. SYSTEM DESIGN
In this work we used the Baxter and developed a system

that uses Collaborative Probabilistic Movement Primitives
to learn and generate the robot’s movements, associated to
the notions of predictability and legibility of movements for
them to be more expressive.

The system is composed by three modules:

• a vision module that identifies the position of each cup
using a Kinect camera;

• a decision module that selects the cup the fill and gen-
erates the movement accordingly;

• a social interaction module that is responsible for inter-
acting with the human partners through facial expres-
sions and voice to make the robot seem more human
like.

Finally, we designed an approach to combine predictable
and legible movements, allowing the robot to choose one
motion type or the other, to minimize the drawbacks of using
only one of those types of movement.

3.1 Predictability and Legibility
As described by Dragan et el. in [4], the notions of pre-

dictability and legibility of a movement define two properties
of a movement. The predictability of a motion is the prop-
erty of a motion to match the movement a person would
expect if they knew the target, that is, if a person knows
the robot’s objective is the most unsurprising movement the
robot could do to achieve that objective. The legibility of
a movement, on the other hand, is the property of a move-
ment to be easily understood allowing the human partner to
quickly infer the robot’s objective.

These two concepts are important in a collaborative task,
given that a legible motion allows the other party to quickly
understand what we intend to achieve and act accordingly.
A predictable motion, being more ”unsurprising”, minimizes
confusion in the other participants of the task, allowing them
to be more efficient.

3.2 Movement Learning
In 2 we presented some approaches to movement learn-

ing and decision that have proven effective in collabora-
tion tasks. In this work we used Collaborative Probabilistic
Movement Primitives (CoPMP), an approach presented by
Maeda et al. [18] that combines both the ProMP and IP in
application to collaborative and assistive robots.

The CoPMP, being based on ProMP use the same rea-
soning process to learn the model for the movement as de-
scribed in [22]. However, contrary to ProMP, the CoPMP
do not try to create a model that only correlates different
demonstrated trajectories spatially and temporally; but also
correlates the Degrees of Freedom (DOF) of the human and
the robot involved in the task. The correlation of the DOF
between the robot and the human allow for the collaboration
process to be more efficient, because the robot considers the
human partner’s pose instead of only his position, giving the
robot more information that it can use to move correctly.

The CoPMP are, thus, a powerful tool to be used in move-
ment decision by learning solutions where collaboration in



close-quarters is required. The fact that this framework al-
lows for a new trajectory to be defined using a small set of
samples - as shown in [18] with a set of 4 sparse demon-
strations the robot can extract new trajectories - and that
the movement can be conditioned to multiple positions ex-
tracted from the human partner or only to a specific mea-
surement point, makes the CoPMP a framework well suited
for this work.

We use the CoPMP by generating one model for the pre-
dictable motions demonstrated and another for the legible
ones, given the motion type executed one of the models is
used. The trajectories demonstrated for each type of move-
ment follow the principles described by Dragan et al. in [4].
In our case, instead of using a planner that optimized the
robot’s movements, we used kinesthetic learning to teach the
robot the movements used by the CoPMP to generate the
model. The predictable motions were designed to be direct
and non surprising; so given a target the robot was taught
to move as directly and unwavering as possible towards it.
The legible motions, being movements ”action-to-goal”, were
designed to try to explicitly communicate the movement’s
target, by performing a more wide movement, moving away
from the other possible targets as much as possible. This
goes in line with the definition of a legible motion in [7],
in which a legible motion is a movement that causes small
confusion by removing the other possible objectives as soon
as possible.

3.3 System Architecture
The system’s architecture is composed by three modules:

vision module, movement decision module and social in-
teraction module. The entire system was built using the
Robot Operating System (ROS) framework to communi-
cate between the modules and control the robot. For the
communication between different modules we used the ROS
message system, since it enabled a module with changes to
warn the other interested modules without having to wait
for a response, as would happen if ROS services were used,
keeping the modules’ work parallel. For communications be-
tween different parts of the same module we used the ROS
service system, because in these cases the module could not
perform without a specific part of the module realizing a cer-
tain task. So a ROS service is more adequate to guarantee
that the module would follow a sequence of actions.

The vision module uses the data sent from a Kinect v2
camera to find the robot’s objectives and obtain their real
world position. The module works as follows: the color and
infrared images captured by the Kinect are received in differ-
ent ROS topics, using the IAI Kinect2[25] library for ROS,
those images are then used to find the real world positions
of the different color cups in the scene. The color image
from the Kinect is segmented according to the colors of each
of the used cups, using the HSV color system and with the
intervals for the hue, saturation and value customized to
only detect the cups used. The infrared image received is
mapped from its coordinate system into the color camera
coordinate system, using the constants determined during
the camera calibration. With the segmented images and the
depth information mapped, the system calculates the cen-
ters of mass for each cup and converts them from the color
camera coordinate system to real world 3D coordinates.

The movement decision module uses the data outputted
from the vision module, regarding the centers of mass of

each cup, to decide which cup to serve next and execute the
movement to fill that cup. The decision of which cup to serve
is done based on the distance towards each cup: with the
information regarding the positions of each cup, the system,
at each decision time, chooses to fill the closest cup that is
reachable, visible and that has not been served yet. After
the cup is selected the module generates the movement to
perform by conditioning the CoPMP model, created at the
beginning of execution for the trajectory being performed,
to finish a little above from the center of mass of the cup
selected. The new movement is then executed using the
Joint Trajectory Action Server running on Baxter, which
allows to execute the movement without the system having
to focus on low-level control issues. Besides deciding the
next movement to perform, the movement decision module
communicates with the social interaction module when the
robot has to change the facial expression or needs to speak
to the people engaged in the task.

The Social Interaction Module is responsible for making
the robot action more human-like and the task feel more nat-
ural. This is achieved by making it more interactive with the
human participants, besides focusing only on fulfilling the
task of cup filling. The interaction performed is based on
facial expressions that relate to the task stage: for example
display a happy face when the movement is correctly per-
formed or an inquisitive face with the eyes looking around
the scene to simulate that the robot is looking for the next
cup to fill. Apart from facial expressions and movement fol-
lowing with the eyes and head, the robot also interacts with
people through spoken sentences in order to explain what is
going on, to greet them or to ask them to move the cups to
better reach them.

3.4 Hybrid Movement
In this work we do not use only legible or predictable

movements. By studying the works of Dragan et al. and
their results from testing the impact that legible and pre-
dictable movements have on people’s perception of what the
robot is directing its movement towards, we could conclude
that approaches that use only legible movements or only pre-
dictable movements yield very good results. However, the
using only one motion type has some drawbacks, like the
case of legible movements that do not give much improve-
ment over predictable ones, when there is not much doubt
regarding the robot’s objective.[6]

With this in mind, we developed an approach that given
the cup selected to be filled and the other cups surrounding
it, that remain to be filled, decides either to perform a legible
or a predictable motion. The choice of which motion type
to execute is done by checking if the movement towards the
cup, using a legible motion, would be more expressive and
less confusing than executing a predictable movement. So,
for the task at hand we designed a set of rules that guide
the system’s decision of what type of movement to perform,
based on the results from [6] and observations of human-
human interaction:

• if the selected objective is closely surrounded by two
or more other of other objectives, a more direct move-
ment (predictable movement) is preferable than a more
wide movement (legible movement);

• if the selected objective only has objectives on one side
then a movement that approaches the objective from



the side with no objectives is better than a more direct
one, a legible movement is preferred to a predictable
one;

• if the selected objective has other possible objectives
close by, on the side the arm will approach from - ex-
ample the robot is reaching for the leftmost ball with
the right arm and three balls on the right of the ob-
jective ball - than a predictable movement is preferred
to a legible one;

• if there is only one remaining objective or if there is
no ambiguity regarding possible objectives then a pre-
dictable movement is preferred to legible movements.

To decide if an objective has other objects close by in
such a way that a legible motion would not be justified, we
tested legible motions and found that for distances closer
than 50cm between possible objectives, people would find
a legible motion to be more confusing than a predictable
motion. This way, we used this value as the minimal dis-
tance a cup could be from the arm’s side for the robot to
execute a legible motion. Likewise, we tested the same legi-
ble motions with a target with other possible targets for the
robot on either side and concluded that on distances to the
other objects less than 30cm (approximately the diameter
of the cups used as objectives), a predictable motion would
be preferred to a legible motion.

4. USER STUDY
The main goal of this work was to study how, in a multi

user collaboration task, different types of movement impact
how people perceive the robot’s intention, when they need to
manipulate the same objects. This way an experiment was
conducted, using the system described previously, where a
Baxter robot had to serve water to three people asking at
the same time.

4.1 Experimental Design
The experience simulated the scenario of multiple people

in a cafeteria, a coffee-shop or a restaurant, where there is a
waiter, whose function is to serve drinks to people. In this
scenario three people would approach the waiter, the robot,
and present the cups as a sign asking for water, remaining
waiting for the robot to serve them.

The task was designed to test how people’s perception of
robot motion is affected, when they are faced with a scenario
in which they have to collaborate with a robot to achieve a
common goal; while, at the same time, other people try to
achieve a possibly concurrent goal. This way, they have to
collaborate, with the robot and each other, in order to finish
as soon and with as few mistakes as possible. With that idea
in mind we chose this task of filling cups with water to three
people for the following reasons:

1. it is a collaborative task that can easily be focused on
the robot’s movement and how that movement com-
municates intentions, which is the main objective of
this work;

2. is a task where the humans engage the robot at the
same time and as such there is a need to collaborate
with the robot and with each other to finish the work
quickly;

Figure 1: Scenario layout, the robot on the right serves each
one of the humans on the left. There is no pre-defined or-
dering for the cups to be filled and after the robot starts to
move the participants have to understand who the robot is
moving towards and try to facilitate the robot’s movement.

3. is a collaborative task which progression does not de-
pend on the human team, but on the robot’s action
and that makes the human team give more attention
to the robot and to its movements;

4. is a repeatable task, where each participant is exposed
to the same situation across the three testing condi-
tions;

5. is a task that simulates a real world scenario where the
participants would have to collaborate with the robot.

Figure 1 presents the setup during an experiment. Each
interaction between the participants and the robot was com-
posed by three movements, one to fill each one of the cups.
To prevent any pattern to be recognized by the participants,
and as such exploited to shorten the reaction time, the robot
would randomly select the next cup from the remaining and
reachable ones. Making the robot choose the next cup, be-
sides diminishing the chance for a participant to find a pat-
tern in the robot’s movement, forced the participants to keep
their focus on the robot and on how it was moving, giving
it the leading role and emphasizing the movement’s impor-
tance.

Each experiment required the group of three participants
to interact with the robot three times, one for each motion
type, each interaction composed of three movements. In
each movement, the participants would have to figure out to
who the robot was moving towards and facilitate the task:
by moving away the cup from the robot’s moving area or by
accompanying the robot’s movement in order for it not to
spill water when filling the cup.

The sequence in which the robot would perform the differ-
ent motion types was also previously randomized, to prevent
that participants that knew each other, and would be in dif-
ferent experiments, could influence others.

In order for the participants not to be surprised by the
way the robot moved and reduce the novelty effect, each
group would perform a training interaction with the robot
before starting the evaluation process. In this training in-
teraction the robot would always perform only predictable
movements, because they are the most direct and so more
expectable movements.



4.2 Procedure
The participants would enter the lab and explained that

they would be interacting with Baxter, which had been trained
to serve drinks to people and that they would be interacting
with it three times. They were told that Baxter would serve
the three of them and that we were interested in ascertain
which of the interactions they preferred, which they would
evaluate via a questionnaire. The researcher would also tell
the participants that the robot was safe to interact with and
that he would remain in the room, to monitor the robot and
prevent that any harm would come to them or the robot.

After each interaction the participants were asked to an-
swer a questionnaire in which they evaluated the last inter-
action. After they interacted with the robot three times and
answered the questionnaire three times, they would have to
sign the consent form.

At the end of the experience all the participants were of-
fered a movie voucher.

4.3 Sample
A total of 33 participants performed our experiences. Of

these 22 were male and 11 females, with ages between 19
and 33 years old, an average of 23.15 years old and a stan-
dard deviation of 2.72 years. The participants were recruited
from the local community. All of them had a technical back-
ground in an engineering area, 25 of which with a back-
ground in computer science engineering.

As explained previously, the experiment used a within-
subjects design as to allow the participants to compare each
of the movements they were exposed to.

4.4 Hypotheses
In line with prior results of Dragan et al.[6], we expect

to verify that the participants notice a difference between
legible and predictable movements and that they will prefer
legible movements to predictable movements.

Given that there are multiple people interacting with the
robot at the same time, we expect that when there are multi-
ple possible objectives for the robot, legible movements and
hybrid movements will result in quicker response times, with
hybrid movements being better than legible movements.

Regarding hybrid movements, we expect that these will
result in shorter reaction times and to be preferred over
the other movements, although not necessarily less confus-
ing than legible movements. Also, we expect they will be
perceived as more legible and predictable than the other
movements.

Finally, we expect that the participants will perceive the
collaboration between the robot and the humans differently
depending on the type of movement being executed, but
their perception of intelligence of the robot will not be in-
fluenced.

To summarize:

• H1 - The perception of collaboration will be impacted
by the type of movement performed.

• H2 - Participants will prefer hybrid movements to leg-
ible movements and legible movements to predictable
movements.

• H3 - Hybrid motions will result in better efficiency of
the task and also will make people think of it as more
legible and predictable.

• H4 - There will not be a difference in perceived confu-
sion between hybrid and legible motions.

• H5 - The perceived intelligence of the robot will not
be impacted by the type of movement performed.

4.5 Metrics
To evaluate the collaboration between the robot and the

humans we used both objective and subjective measures.
In terms of objective measures we analyzed the reaction

time and number of errors for each participant across every
condition.

The reaction time was measured for each participant, in
each condition, in two ways: the time it took, from the
beginning of the robot’s movement until the participant un-
derstood the robot was moving to him, when the robot was
moving to that participant; the average time it took, from
the beginning of the robot’s movement until the participant
understood the movement was not for him, when the robot
was moving to another participant.

Regarding the number of errors, we considered an error
when a participant was wrongly served. In these cases both
the participant supposed to have the cup filled and the one
that got the cup filled were considered as having failed and
their reaction time was considered 8.5 seconds (the time it
took for the robot to complete a full movement).

The subjective measures intended to evaluate the per-
ceived collaboration and fluency of the task, the perceived
legibility and predictability of the movements and the per-
ceived animacy and intelligence of the robot. All of these
subjective measures were applied only one time to each par-
ticipant for each condition.

The perceived collaboration and fluency were evaluated
using the Hoffman’s questionnaire for evaluating fluency in
Human-Robot Collaboration.[14] From this questionnaire we
used the fluency measure to analyze the perceived fluency
of the task and the measures of robot contribution, trust in
robot and working alliance for human-robot teams to ana-
lyze the perceived collaboration in the task.

The analysis of perceived predictability and legibility of
each movement used the predictability and the legibility di-
mensions explained by Dragan et al. in [6].

The animacy and perceived intelligence dimensions of the
Godspeed questionnaire[2] were used to evaluate how each
participant rated the robot’s animacy and intelligence for
each type of movement.

Finally, at the end of the third questionnaire the partici-
pants answered four forced-choice questions about which of
the movements was their favorite, which was less confusing,
which was easier to work with and which were they faster
with.

5. RESULTS ANALYSIS
The 33 participants, in groups of 3, performed the task 3

times, each time with 3 movements. This led to a total of
297 trials: 99 were used to compute the reaction time each
participant took to understand that the robot was moving
towards him and the remaining 198 were used to compute
the average time it took each participant to understand that
the robot was not moving towards him.

Regarding the questionnaires, of the 99 questionnaires an-
swered, 33 were about the predictable motions, 33 about the
legible motions and 33 about the hybrid motions.



5.1 Objective Measures
The analysis in terms of the objective measures considered

the following occurrences for each condition:

• reaction time to understand the robot is moving to-
wards the participant;

• reaction time to understand the robot is moving to
another one of the participants;

• number of times people wrongly understood the robot’s
movement.

Starting with the reaction times when the robot is moving
towards the participant, the data regarding these times does
not follow a normal distribution because of two occurrences:
participants wrongly understood that the robot was mov-
ing towards another participant and participants that were
served last and as such already new they were next and im-
mediately started collaborating with the robot earlier than
usual.

Given the non-normality of the data distribution, we per-
formed the Friedman Test on the time it took for each par-
ticipant to understand that the robot was moving towards
him and obtained that there is statistically significant differ-
ence in the time it took depending on the type of movement
executed, χ2(2) = 11.546, p = 0.003.

Post hoc analysis with a Wilcoxon signed-rank tests was
conducted with a Bonferroni correction applied, resulting in
a significance level set at p < 0.017. Median (IQR) reaction
time from the beginning of the robot’s movement until a par-
ticipant understanding that the robot is moving towards him
for the predictable, legible and hybrid motions was 02.63s
(01.77s to 05.63s), 03.00s (01.63s to 04.79s), 01.70s (01.00s to
02.85s), respectively. There were no significant differences
between predictable and legible motions (Z = −0.78, p =
0.946). However, between hybrid and predictable and be-
tween hybrid and legible motions, hybrid motions’ reaction
times were significantly lower than on the other cases with
hybrid vs predictable (Z = −2.695, p = 0.006) and hybrid
vs legible (Z = −3.940, p = 0.000013). These results are in
line with H3 that states that hybrid motions will result in
better collaboration efficiency in the task. In Figure 2, we
present a scatter plot with the times it took each participant
to understand the robot was moving towards him, in blue
the times using predictable motions, in red legible motions
and in green hybrid motions.

Figure 2: Times each participant took to understand the
robot was going to serve him, organized per movement type.

Figure 3: Average times each participant took to under-
stand the robot was not going to serve him, organized per
movement type.

In Figure 3, we present the average time it took for each
participant to understand that the robot was moving to an-
other participant, with each condition displayed with a dif-
ferent color. Like with the case of the time it took for each
participant to understand the robot was moving to him, the
distribution of the data has a non-normal distribution, this
way we performed the Friedman Test and found out that
there is a significant difference between the different motion
types, with χ2(2) = 16.464, p = 0.000266.

To understand exactly between which conditions the dif-
ference of times was so significant, we administered a post-
hoc test, the Wilcoxon signed-rank tests with a Bonfer-
roni correction, resulting in a significance level set at p <
0.017. With this test we concluded that between predictable
and legible motions there is no significant difference (Z =
−1.778, p = 0.77), but between predictable motions and hy-
brid motions (Z = −4.076, p = 0.000008) and legible mo-
tions and hybrid motions (Z = −2.790, p = 0.004) there is
a difference. By looking at the median (IQR) the reaction
times for predictable, legible and hybrid motions were 2,66s
(1,54s to 4,44s), 1,59s (1,00s to 3,08s) and 1,11s (1,00s to
2,08s), respectively. This allows us to conclude that the hy-
brid motions allowed the participants to infer that the robot
was not moving to them quicker than with the other motion
types, again this goes in line with our H3 hypothesis.

Regarding the analysis of the number of wrongly perceived
movements, of the 33 predictable movements 6 (18.182%) of
them ended with two people getting confused about who the
robot was directing the movement, of the 33 legible move-
ments 1 (3.03%) of them ended with people getting confused
about the robot’s target and on the 33 hybrid movements
there were none that ended with participants getting con-
fused about the robot’s target.

5.2 Subjective Measures
Figure 4a shows the results in terms of means and stan-

dard deviation for each subjective measure depending on
the motion type. These scales are in a 6-point likert scale,
excluding the animacy and perceived intelligence metrics,
from the Godspeed questionnaire, that were on a 5-point
likert scale.

The subjective measures of perceived fluency and per-
ceived collaboration were analyzed in terms of perceived
fluency, perceived robot contribution, perceived trust in the
robot, perceived safety and perceived robot capabilities to
fulfill the task. Of these measures, only the perceived robot



(a) Results for subjective measures. Fluency, robot contribution, safety,
capability, predictability and legibility were on a 6-point likert scale, the
other two metrics were on a 5-point likert scale.

(b) Results for forced questions.

Figure 4: Subjective measures and forced questions results.

Measure α
Fluency 0.855
Trust 0.907
Safety 0.708
Capability 0.851
Robot Contribution 0.753

Table 1: Cronbach’s alpha results for fluency, trust, safety,
capability and robot contribution measures.

contribution had a non-normal distribution of the data. This
way a repeated measures One-Way Anova was performed
over the combined scores of each item in the fluency, trust,
safety and capability metrics and a Friedman test over the
combined scores of each item in the robot contribution met-
ric.

Before performing the Anova or Firedman tests, we tested
each of the subjective measures regarding each scale’s inter-
nal consistency with the Cronbach’s alpha test, the results
are presented in Table 1 and show that the internal consis-
tency of the scales is rated acceptable or above.

The repeated measures One-way Anova tests showed that
there were only significant differences in the perceived flu-
ency (F (2, 64) = 3.143, p = 0.050). A post-hoc test was
administered to understand where specifically were these
differences, but it returned with no significance between
the motion types, which leads to the conclusion that the
perceived fluency is impacted by the motion type, but no
specific one is especially perceived as more fluent than the
other motion types. The robot contribution metric was an-
alyzed using a Friedman test, which returned that there are
no significant differences in terms of the robot contribution
perceived by each participant in the different motion types.

These results in part contradict our H1 hypothesis, be-
cause apart from the perceived fluency, the other measures
to evaluate the perceived collaboration show that the partic-
ipants did not notice any differences between robot motion
type. However, if we look to Figure 4a it is clear that al-
though there are no significant results, the participants rated
the motion types consistently positive, what indicates that
they perceived the collaboration between the humans and
the robot correct and positive.

Another aspect that is interesting is that the hybrid mo-
tion was, in average, rated as the most collaborative motion

and the predictable motion was rated as the least collabo-
rative one. Although these results are not statistically sig-
nificant they show a tendency in the rating of the motion
types and maybe with a bigger sample these changes could
become more demarcated.

In terms of the perceived predictability and perceived legi-
bility, the results obtained are present in Figure 4a and their
distribution was non-normal. As for the metrics for evaluate
the perceived collaboration, we did a Cronbach’s alpha test
on the two metrics to check their internal consistency. The
predictability scale has an acceptable internal consistency,
with an α = 0.763 and the legibility scale has an excellent
internal consistency, with an α = 0.911.

The analysis of the results for these two measures was done
using the Friedman test, since both scales have a non-normal
distribution. The results for the predictability measure show
that there was no significant difference in perceived pre-
dictability of the different motions (χ2(2) = 3.429, p = 0.180),
although the median (IRQ) for the predictable, legible and
hybrid conditions were of 4.33 (3.00 to 4.83), 4.00 (2.50 to
4.67) and 4.00 (3.33 to 5.00), respectively, which are high
values given that a 6-point scale was used. These results,
although not significantly different show that all the motion
types were considered very predictable and not surprising,
with both the predictable and hybrid motion having very
similar results.

In terms of the perceived legibility, the Friedman test
shows a significant difference between different motions (χ2(2) =
7.431, p = 0.024). A post-hoc analysis with Wilcoxon signed-
rank tests was conducted with a Bonferroni correction ap-
plied, resulting in a significance level set at p < 0.017 and re-
sulted in a significant difference between perceived legibility
in hybrid and predictable motions (Z = −3.075, p = 0.001)
and hybrid and legible motions (Z = −2.446, p = 0.013).
The median (IQR) of perceived legibility for the predictable,
legible and hybrid motions were 4.25 (3.25 to 5.00), 4.00
(3.00 to 5.00) and 5.00 (3.500 to 5.250), respectively. So, we
can conclude that in terms of perceived legibility the hybrid
motion was perceived as more legible than both the legible
and the predictable motions, which is aligned with our H3
hypothesis.

The animacy and perceived intelligence metrics, presented
in Figure 4a, were both taken from the Godspeed question-
naire, using a 5-point likert scale, and analyzed using a re-



peated measures One-Way Anova. Both tests returned that
there were no significant differences among the motion types,
with the animacy dimension result being F (1.697, 54.306) =
0.904, p = 0.396 and the perceived intelligence dimension re-
sult being F (2, 64) = 0.768, p = 0.468. The result for the
perceived intelligence dimension goes in line with our H5
hypothesis.

5.3 Forced-choice Questions
The analysis of the forced-choice questions was done by

analyzing the frequency that each motion type was selected
in each one of the questions. Since we were dealing with
nominal frequencies, we performed the Chi-Square Goodness
of Fit and obtained that there are no significant differences
between the motion types regarding which is the preferred
one and which is the one that is less confusing.

In terms of which is the less confusing motion, the frequen-
cies were very similar with 9 people saying that predictable
motion was less confusing, 13 saying legible and 11 saying
hybrid. This result is interesting, even more when contrast-
ing with number of wrong inferences of the robot’s objective
that were presented previously: as shown previously 18%
of the predictable movements caused doubts on the partici-
pants and the wrong one was served and in 3% of the legible
movements the same occurred. However, the fact that hy-
brid and legible motions had a similar frequency of choice,
as the least confusing movement, goes in line with H4.

6. CONCLUSIONS
In this paper we intended to evaluate the impact of dif-

ferent motion types in a collaboration task with multiple
people. We tested that difference between predictable and
legible motions and a third approach that we designed to
capture the advantages of both predictable and legible mo-
tions and mitigate their drawbacks.

Our experience with multiple users showed various inter-
esting results, some that follow previous findings in the area
of Human-Robot Collaboration and others gave us new in-
sights on how to use movement to improve collaborative ma-
nipulation tasks, like the one used in this work.

The first result that we find important is that no signifi-
cant difference, in terms of time that took between the robot
starting to move and people understood the robot’s objec-
tive, existed between predictable and legible motions. This
is interesting because prior work concluded that legible mo-
tions contributed for less reaction times and total task times.

This difference in results can lead us to conclude that al-
though legible motions are more expressive, the workspace
configuration and the existence of other users play impor-
tant roles on people’s interpretation of the robot’s objective
based on its movements.

Another result that is important is that allowing the robot
the freedom to choose between executing a predictable and
a legible motion depending on the workspace configuration
leads to better collaborations, both in terms of the time
it takes for the participants to understand the robot’s in-
tentions and in terms of them to ”read” the movement and
adapt better to it.

The fact that both the perceived capability and intelli-
gence of the robot did not show a significant difference is
interesting, since it proves that even if the robot does a less
natural or less rational movement - like performing a more
wide movement - as long as it behaves as it was supposed (it

fulfills its collaboration role) people still think he is capable
and intelligent.

Overall, with this work we showed that when there are
multiple people engaging the robot simultaneously, and so
each person does not focus his attention solely on the robot,
executing only predictable or legible motions does not nec-
essarily improve the collaboration. However, allowing the
robot to choose between executing a more direct or a more
readable movement, depending on the configuration of the
objectives in the workspace, leads to less confusion among
the humans involved in the task and reduces the time people
take to understand if the robot is moving for them or not.
All of this without negatively impacting the perceptions of
collaboration and the task’s fluency.

In the future, we plan to improve the hybrid approach by
exploring ways of the system learn to recognize situations
were a predictable motion is better than a legible motion and
vice-versa and to allow it to generalize such conclusions to
situations not predicted. We are also interested in studying
the influence of using other communication means besides
the robot movement, in how people perceive the robot’s ob-
jective. Finally, we think that it would be interesting to see
if the same results, regarding the hybrid approach, would
hold if more complex scenarios, where people would not be
just waiting for the robot to move but also were engaged in
other activities.
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