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Abstract

Although in the literature it is common to find predictors and inference systems that try to predict human intentions, the
uncertainty of these models due to the randomness of human behaviour has led some authors to start advocating the use
of communication systems that explicitly elicit human intention. In this work, it is analysed the use of four different com-
munication systems with a human-robot collaborative object transportation task as experimental testbed: two intention
predictors (one based on force prediction and another with an enhanced velocity prediction algorithm) and two explicit
communication methods (a button interface and a voice-command recognition system). These systems were integrated
into IVO, a custom mobile social robot equipped with force sensor to detect the force exchange between both agents and
LiDAR to detect the environment. The collaborative task required transporting an object over a 57 meter distance with
obstacles in the middle, demanding rapid decisions and precise physical coordination. 75 volunteers perform a total of 255
executions divided into three groups, testing inference systems in the first round, communication systems in the second,
and the combined strategies in the third. The results show that, 1) once sufficient performance is achieved, the human
no longer notices and positively assesses technical improvements; 2) the human prefers systems that are more natural to
them even though they have higher failure rates; and 3) the preferred option is the right combination of both systems.
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1 Introduction

Since the term robot appeared more than a century ago in
the play R.U.R. (Rossum Universal Robots), these automa-
tons have evolved from the ideas of science fiction novels to
a palpable reality. In the beginning, they performed small,
routine and repetitive tasks with the aim of relieving humans
of this burden. As technology has progressed and more pre-
cise and computationally powerful hardware has become
available, these robots have been able to carry out more
complex tasks such as navigating an urban environment [1]
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or choosing the right tool [2]. At the same time, no longer
being caged in controlled environments, robots have begun
to explore the world around them.

This last change has led to robots starting to interact
with humans, giving rise to the discipline of Human-Robot
Interaction (HRI) and the need to model human behaviour
[3, 4]. In order to make this interaction as safe, useful and
similar to how two humans interact as possible, both theo-
retical models [5] of how we humans behave and multiple
predictors of our next actions have been developed to try to
infer human intention with increasing success rates [6, 7].
While their non-negligible error rates are often blamed on
limitations in computational capacity or a lack of sufficient
data for training, the fact that humans can model the same
information we perceive in multiple ways making it so that
two humans can represent the same environment differently
begs the question of whether we will ever have a perfect
predictor.

This very question has caused some authors [8—11] to
consider it necessary to combine inference engines with
communication systems that make it possible to obtain
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the human’s intention explicitly. In this way, they hope to
achieve robots that do not just look like humans, but act
like humans, displaying one of the many typically human
behaviours such as asking and requesting information when
the one they have does not allow them to make decisions
with sufficient confidence [12].

Thus, this work arises as a continuation of our previ-
ous work [11] where in a collaborative transportation task
we first confronted on the one hand an inference system to
obtain the human’s intention from the instantaneous force
they are exerting against, on the other hand, a button-based
communication system to allow the human to express
their intention explicitly. That work proved that allow-
ing humans to directly express themselves can achieve the
same improvement in multiple aspects of an effective HRI
as using an intention predictor. However, it also left unan-
swered questions, such as what happens if both systems are
combined, and postulated that we should not continue look-
ing for technical improvements in the predictor used, since
these may go unnoticed by the human, but that we should
pivot towards methods that seek to improve human-robot
communication, although without demonstrating these
assertions.

Thus, this work is motivated by the aim of addressing
research questions such as: To what extent can humans per-
ceive technical improvements in the success rate of a pre-
dictor? (RQ1), or, if a choice must be made, do humans
prefer a more robust or a more natural method of commu-
nication with a robot?. (RQ2). Or, building on the findings
of our previous work, do humans prefer a robot to inde-
pendently predict their behaviour, or would they rather
prefer to communicate their intentions directly? (RQ3). To
address these questions, two intention prediction algorithms
and two explicit communication methods are utilized and
evaluated across three rounds of experiments, including cor-
responding user studies, to analyse human preferences when
collaborating with a robot on tasks involving rapid physical
interactions, such as the collaborative transport of objects.
We believe that, beyond attempting to answer these ques-
tions, merely posing them can provide significant insights
for the HRI and social robotics research communities.

Thus, our contributions would be as follows. In the first
round of experiments, we compare two predictors with dif-
ferent success rates and find that, once the failure rate is
reduced to an acceptable value, the human no longer per-
ceives any improvement. In the second round of experi-
ments, we compare two direct communication systems and
find that the human prefers the one that is more natural even
though it is technically inferior in terms of response delay
and failure rate. Finally, we compare the system preferred
by the human in each of the first two rounds of experi-
ments as well as the combination of both to verify that this
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combination is the most accepted by the human as it offers
more freedom to collaborate with the robot, being this our
third contribution.

In the rest of the document, we present the related work
in Sect. 2. Sect. 3.1 includes an explanation of the task
selected for this study, the collaborative transport of objects,
as well as all the relevant details of all the systems employed
in this work. Sect. 3.2 presents the hypotheses to be tested,
the setup and methodology employed as well as the distribu-
tion of participants who performed the experiments. Sect. 4
presents the results obtained in each round of experiments.
Sect. 5 shows a short discussion of these results. Finally,
Sect. 6 contains the conclusions.

2 Related Work

The task of human-robot cooperative object transport
involves at least one human and one robot working together
to relocate objects from point A to point B. This task can
be executed over short distances, requiring only arm move-
ment, or over longer distances necessitating full-body
movement from both participants. Traditionally, methods to
solve this task emphasize the robot adapting to the human
[13—15]. Bussy et al. [13] explore the manner in which
two humans accomplish this task, using motion primi-
tives to allow the robot to adjust to human intentions via an
impedance controller. Similarly, Rozo et al. [14] employ an
impedance controller, with its parameters derived through
Learning from Demonstration (LfD), which can be altered
to align with the human’s desired behaviour. Lanini et al.
[15] extend this concept by using a classifier to identify the
human’s intended subtask (such as initiating, halting, accel-
erating, turning, etc.), ensuring that the robot synchronizes
with the human’s actions as quickly as possible.

Due to the versatility of the task, being able to be exe-
cuted in smaller or larger spaces with variable durations,
it can be used to investigate other facets [16, 17]. Mortl
et al. [16] focus on identifying the human’s role to allow
the robot to alter its role between leader, follower, and col-
laborator. This adjustment ensures the robot not only aligns
with the human but also takes the lead if necessary. Losey
et al. [17] examine the interplay between intention and the
assignment of roles within joint transport by leveraging an
arbitration concept. Their study posits that accurately inter-
preting human intentions is crucial for developing shared-
control strategies [18].

Speaking of human intention, the two strategies dis-
cussed in the previous section to better understand humans,
inference engines and direct communication systems, fall
within what has been known for more than a decade as
Social Signal Processing (SSP) [19, 20]. That is, combining
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psychology, computer vision, speech processing and artifi-
cial intelligence to give machines the ability to recognise
and interpret human social signals, such as gestures, facial
expressions, vocal behaviour, etc. to improve the interaction
between humans and robots [21-23].

While this has been known for more than a decade and
multimodality, i.e. the joint analysis of multiple of these
behavioural cues, was postulated as one of the possible
future challenges, it is not so common to find works that
attempt to combine several sources of information. If we
focus on the task at hand, collaborative transport, of the two
strategies above, the first (the use of inference engines) is
relatively abundant in the literature [24-27]. Most of these
works use different architectures based on Gaussian Mix-
ture Models (GMM) or some kind of Artificial Neural Net-
work (ANN) to obtain a prediction of the human’s intention
whether this is the trajectory they are going to follow, the
movement they are going to make with their hand or the next
object they are going to pick up. Applied to collaborative
transportation tasks or, in general, tasks with physical con-
tact, it has been common to use control techniques to make
the robot adapt to the human’s wishes using both impedance
and admittance controllers [28-31]. More recent work, on
the other hand, has to include some kind of predictor, either
of the desired trajectory for the object [32] or of its velocity
profile [33] or even of the force that the human is going to
exert on the object in the short term [34]. However, none of
these works contemplate the possibility of the human com-
municating with the robot to reduce uncertainty or resolve
any problems generated by an error in the robot’s inference.

This second strategy, a direct communication system
either by voice, gestures or any other established code,
is less common. In [35] the authors design a smartphone
application with which human and robot can communicate
bidirectionally over long distances. This app is applied in
[36] to a collaborative search in an urban scenario with mul-
tiples walls, columns and other type of occlusions as well as
environmental noise making it impossible to use visual or
audible clues for the communication between both agents.
Thanks to this app, the robot can know both the route that
the human is following and the one they want to follow
despite the multiple occlusions that do not allow the robot
to track the human. This makes it possible to minimize the
overlapping of the areas explored by each agent. Another
example where the human is allowed to explicitly commu-
nicate with the robot is [37]. In this, the robot infers the
goal of the task that the human wants the robot to perform,
but before executing it, it asks for confirmation from the
human through a multimodal system combining augmented
reality (AR) for passive visualization and haptic wristbands
for active feedback. More specifically, the robot displays
the inferred beliefs about human goals and its confidence

through the AR system and uses the wristband to actively
alert users when it needs clarification or specific teaching
inputs. In [38] both strategies are combined to improve
object manipulation between two robots. To this end, both
robots communicate their plans both implicitly through the
force they exert on the object and explicitly by exchanging
wireless messages. Finally, [39] allows the human to use
a combination of gestures and voice commands to tell the
robot which object to pick up and where to take it.

Finally, if we focus not on verbal cues in general as indi-
cated in [19, 20], but specifically on voice commands recog-
nition and applied to robotics, although there are old works
that tried to allow the human to transmit simple movement
commands to a mobile robot [40, 41], it was not until the
proliferation of Artificial Neural Networks (ANN) and the
emergence of large datasets containing lists of typical com-
mands [42] that satisfactory results began to be achieved,
not in understanding verbal cues but by detecting finite lists
of commands [43, 44]. With the exception of [37], none
of the above works compares their communication system
with another one. Moreover, all of them assume that the
human is willing to use their system. In this article, we do
not take that for granted and perform both the comparison of
multiple systems and that verification.

Thus, the differentiating factors of this article with all the
previous ones is that we start by combining two strategies to
know the human’s intention (inference and direct commu-
nication) taking inspiration from [37, 38] but, unlike them,
using a human-robot setup instead of a robot-robot setup as
in [38] and without the need to use expensive gadgets such
as AR glasses in [37]. Additionally, within each of these
strategies, we use several methods to see if there is any dif-
ference between them for the human and, if so, to discover
the advantages and disadvantages of each method as well
as the user’s preferences. We believe that the results offered
by this article can be of great value to the HRI community.

3 Methods

This section is dedicated to explaining the task used as a
testbed as well as the different algorithms used. At the same
time, the experimental setup and the methodology including
the hypotheses to be tested and the participants distribution,
are also explained.

3.1 Collaborative Object Transportation
Collaborative object transportation is a task in which a
human and a robot collaboratively transport an object from

a starting point to a destination point that may or may not be
predefined in advance. It is therefore a task that is performed
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Fig. 1 Experiments setup. top left - human-robot pair collaboratively
transporting an aluminium bar. Goal marked with a chequered flag. top
right - scheme of the designed setup. At least eight routes to the goal.
Control desk on the right with researcher managing the experiment and
camera recording the point of view on the left. bottom left - handle for

in close proximity and in which there is an exchange of
physical forces between the two agents. These two charac-
teristics mean that the robot’s movements cannot be abrupt,
so as not to harm the human next to it, and that the robot’s
response speed must be high in order to be able to adapt to
the rapid changes that the human may make.

Additionally, this task is typically limited to moving an
object over a short distance using only a robotic arm. In this
work, we will transport an object 5-7m through a scenario
with multiple obstacles so that there are multiple routes to
the predefined goal and enabling route changes in real-time.
This implies that the robot must move its platform through
the scenario, adapting to the route desired by the human
and that the human must make multiple decisions along this
route (see Fig. 1 - Top).

In our case, the object being transported is a 50 ¢cm long
aluminium bar. The choice of this object is due to two fun-
damental reasons. First, it is a rigid object, which allows
us to eliminate from the equations the terms corresponding
to possible flexibilities or deformations in the object that
would not be negligible if it were a plastic object (or directly
its transport would have to be modelled in a completely dif-
ferent way if it were fully deformable objects as is the case
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better ergonomics with meaning of each button next to it. Only three
buttons are used to tell the robot which route the human wants. bot-
tom right - RODE wireless GO microphone used for voice command
recognition

of fabrics [45, 46]). Since this work focuses on analysing
the implications of different methods of communicating and
inferring human intention and not on technical advances,
we consider it more appropriate to reduce the complexity of
the task modelling. Secondly, it is a lightweight object com-
pared to bulkier objects such as boxes or made of denser
materials such as steel. This minimizes the inertias that can
be generated in its transport making the task safer for the
human. In any case, it is not the transported object that is
relevant in this work, but the effects of different methods of
communication between the human and the robot.

To enable the robot to perform this task, we start from the
implementation in [47]. In this, taking advantage of the fact
that this is a task in which the exchange of information is
mainly done through forces, the environment is modelled by
means of virtual forces: a repulsive force for each obstacle
detected by the robot and an attractive force for the partial
goals that the human-robot pair should follow to reach the
place at which they should place the object. These partial
goals are obtained from the waypoints generated by a global
planner (in our case, the Robot Operating System (ROS)
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default global planner).! The force resulting from modelling
the environment is then combined with the force exerted by
the human at one end of the transported object, which is
measured using a force sensor located on the robot’s wrist,
where the opposite end of the object is secured. This com-
bined force is sent to a controller that generates the robot’s
speed commands.

Additionally, this system is conditioned using the human
intention. For this purpose, we start from the distinction
between implicit and explicit intention shown in [47, 48].
Based on these two articles, we define implicit intention as
that which can be inferred from the actions of the other agent
using some inference mechanism and explicit intention as
that which is expressed directly using a direct communica-
tion channel between the two agents and a code known and
agreed upon by them.

3.1.1 Inference of Implicit Intention

Two similar inference systems, representative of the trend in
the literature towards using predictors, will be used to obtain
the implicit intention of the human. First, a force predictor
which, from the previous values of the force exerted by the
human, the velocity of the human-robot pair, the representa-
tive force of the environment and the robot’s LIDAR read-
ings, generates a prediction of the force that the human will
exert during the next 1 s. This prediction can be processed to
obtain an estimate of the route the human wishes to follow
in the short term, and with this, condition the robot’s planner
to match their intention.

In other words, while the robot has a global planner that
tells it the optimal route to the place where the object should
be delivered, the human may have another route in mind.
This predictor provides an estimate of that route desired
by the human, causing the robot’s planner to adapt to this
desire.

This force predictor used that way has a fundamental
shortcoming: when predicting the route, it only takes into
account the contribution of the human through their force
and not the contribution performed by the robot, e.g., avoid-
ing getting too close to an obstacle or damping rapid changes
in the force exerted by the human. This is the reason why in
our previous work [11] we suggested that the predictor used
had room for improvement.

To solve this, we develop a second predictor that, in addi-
tion to the force to be exerted by the human, predicts the
velocity of the human-robot pair during the next 1 s. This
second prediction can be directly integrated to obtain an
estimate of the short-term desired route with which to also
condition the robot’s planner. The technical details of this

! ROS global planner: https://wiki.ros.org/global_planner.

second predictor regarding its architecture based on trans-
formers [49] and visual transformers [50] as well as the
format of the dataset used for its training can be consulted
in [51]. The most important fact about this predictor is
that it allows to reduce the L2 error made in estimating the
trajectory at 1 s from 0.199 m with the force predictor to
0.138 m with this velocity predictor. Once this estimation is
obtained, it is used in the same way as the one obtained from
the previous force predictor.

3.1.2 Direct Communication of Explicit Intention

To obtain the explicit intention of the human we also used
two systems. First, the same system with three buttons on
the object’s handle used in [11]. By pressing each of them,
the human can tell the robot whether to go straight ahead,
turn left or turn right. Information that the robot uses to con-
dition its planer at the next intersection. More specifically,
the robot’s planner is forced to follow the received human’s
command at the next point where a multiplicity of routes
occurs, allowing the planner to continue planning as usual
once this point has been passed.

The second system implemented is a voice command
recognition model. With this, the human can verbally tell
the robot their intention using the ‘Go’, ‘Left’ and ‘Right’
commands. These, generate the same conditioning as with
the previous buttons (see Fig. 1 - Bottom).

The only possible error using the system with buttons
for explicit communication is that the human presses the
wrong button. Additionally, its processing delay is negli-
gible. Meanwhile, the model used for voice command rec-
ognition can make mistakes recognizing the command that
the human has articulated (hit rate: 94.75%). Moreover, if
a Bluetooth microphone is used as in our case, the delay
between the human saying a command and it taking effect
can go from 0.2 to 1s if the radio-frequency (RF) cell is
saturated.

3.2 Evaluation

We conducted 3 rounds of experiments to test whether tech-
nical improvement in inferring human’s desired route has
any effect, whether the human prefers a more natural sys-
tem in expressing intent over technical efficiency, and what
effect the combination of both types of systems may have.

3.2.1 Experiments Setup
Both the starting point and the goal to take the object to are
preset and are the same in all the executions of the three

rounds of experiments. All of them are carried out indoors
on a stage with OptiTrack on the ceiling to track both agents
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and thus know the covered distance and the duration of each
execution. The robot used is IVO [52], which has a force
sensor on each wrist and can perceive obstacles by means
of front LIDAR and rear LaserScan. All the executions per-
formed last a minimum of 36 s and a maximum of 110 s.

In the first round of experiments, the usefulness of the
two predictors mentioned above in achieving an effective
HRI is tested. In this case, we understand by usefulness the
efficiency with which each method manages to improve
multiple desired aspects such as the degree of trust in the
robot or human comfort. For that, each volunteer performs
three executions: one without any predictor plus one execu-
tion with each predictor.? The second round of experiments
allows us to compare both explicit communication systems.
For this, the same procedure is followed: one execution
without any communication system plus one execution with
each.?

Finally, for the third round, the predictor/communication
system best rated by the volunteers in each previous round
is selected and both strategies are compared. To make this
comparison, each volunteer performs four executions: a
baseline without predictor or explicit communication sys-
tem plus one execution with each strategy plus one execu-
tion with both strategies available.* In the three rounds of
experiments, the baseline execution is run first followed by
the remaining two (three) executions in random order to
avoid statistical distortions.

3.2.2 Questionnaires and Methodology

At the end of each execution, each volunteer fills out a hand-
made questionnaire specifically designed for these experi-
ments and whose questions are shown in Appendix A. This
questionnaire is inspired by the use of likert items as in the
Godspeed [53] and RoSAS [54] questionnaires but it draws
on the experience of previous experiments to ask specific
questions relating to the experience of performing a col-
laborative task with the robot rather than assessing aspects
of the robot. Through this questionnaire, different aspects
associated with an effective HRI are assessed both numeri-
cally from 1 to 7 and by choosing between the different sys-
tems tested.

More specifically, the developed questionnaire asks
questions that can be grouped into six blocks: Robot con-
tribution to fluency, Robot contribution to performance,
Robot contribution as Human, Human responsibility, Trust
in Robot and Comfort. The first two categories refer to the
subjective contribution that the human considers the robot

2 1st round example: https://youtu.be/c4aPo6WRK4M.
3 2nd round example: https:/youtu.be/6VL41XovKJg.
# 3rd round example: https:/youtu.be/mL8DQb1bK_4.
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is making to the smooth and seamless running of the task as
well as trying to fulfil it in the most optimal way possible.
The third category tests whether or not the human consid-
ers the robot’s contribution to be comparable to their own,
while the fourth category refers to whether or not the human
considers that they should maintain control of the task or,
conversely, the team’s performance was not dependent on
them. The fifth category assesses the degree of trust the
human had in the robot to perform correctly in order to com-
plete the task. Finally, the sixth category tests the degree
of comfort or discomfort the human felt when interacting
with the robot. The Cronbach’s alpha [55] of each block of
questions are also shown in Appendix A. Overall, this alpha
ranges between 0.780 and 0.887 showing that the questions
in each block are consistent with each other (using the crite-
rion of alpha>0.7).

Although this questionnaire has been designed to try to
be generic and applicable to different tasks involving a col-
laboration between at least one human and one robot, we
recognize that the specific task being worked on was taken
into account when designing the questions. An example of
this is the question I felt comfortable accompanying the
robot from the block Comfort. This is a limitation of this
questionnaire that should be taken into account by other
researchers in case they wish to use it in their research.

About the statistical analysis, the numerical ratings are
then analysed by means of different tests. First, the Saphiro-
Wilk’s and Levene’s tests are applied. If the variable ana-
lysed meets the normality condition, an ANOVA test with
Bonferroni correction is applied to check whether there is a
statistically significant variation (p<0.05), in which case, a
Tukey’s HSD (Honest Significant Difference) test is applied.
If the normality condition is not met, a non-parametric
Kruskal-Wallis test is applied followed by a Nemenyi’s test
if statistically significant variation is detected between the
systems analysed in each case. After filling in all the ques-
tionnaires, a short interview with three open questions is
conducted, giving the volunteers the opportunity to express
themselves freely: What did you think of the whole experi-
ment? What were your feelings during each attempt? What
would you improve?

3.2.3 Hypotheses

Relative to the first round of experiments about intention
predictors:

H1 - Adding a predictor to the robot’s decision making
system reduces the human’s effort.

H2 - Once a sufficient hit rate is reached, the human
ceases to positively value technical improvements.

Relative to the second round of experiments about inten-
tion communication systems:
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H3 - Adding a way to explicitly indicate the human’s
intention improves multiples aspects of an effective HRI.

H4 - The human prefers a natural communication system
with a non-negligible error rate over a more robust one.

Relative to the third round of experiments about the com-
parison of both systems:

HS - A system that allows the human to directly express
their intention improves multiple aspects of an effective
HRI just as much as a system that attempts to infer it.

H6 - A combination of an inference system with an
explicit communication one is the option best valuated by
the human and the preferred one.

3.2.4 Participants

A total of 75 volunteers were recruited from our research
institute as well as from different schools of the partner uni-
versity. 22 volunteers (age: u=26.45, 0=4.02; 23% female)
participated in the first round of experiments performing
66 experiments (3 each). 23 volunteers (age: ©=27.36,
0=4.87; 26% female) participated in the second performing
69 runs (also 3 each). Finally, 30 volunteers (age: 4 =28.32,
0=>5.12; 27% female) participated in the third round by per-
forming 120 experiments (4 each). As it can be seen, there
is an increase in the sample size used for the third round of
experiments as this is the most important of the three. This
is in order to to avoid one of the major shortcomings of the
previous work that gave rise to this article [11], namely
that the sample size was too small to draw definitive conclu-
sions. The other two rounds of experiments have also seen
their sample size increased, although to a lesser extent than
the third due to the difficulty of obtaining volunteers in HRI
experiments.

All the experiments reported in this article have been per-
formed after the approval of the ethics committee of the Uni-
versitat Politécnica de Catalunya (UPC) in accordance with
all the relevant guidelines and regulations (ID: 2023.05) and
all the volunteers have signed an informed consent form. No
volunteers were paid for participating in this study, ensuring
that there is no conflict of interest.

4 Results

Before analysing each round of experiments, we perform a
post-hoc statistical power test to know what values we can
be statistically sure of. Thus, using the criterion of p<0.05,
for the first round (22 volunteers) we can detect effect sizes
as low as 72 = 0.138 with a statistical power of 80%. For
the second (23 volunteers), as n? = 0.133; and for the third
round (30 volunteers), as 2 = 0.089. All variables analysed

by variance tests are normally distributed according to the
Shapiro-Wilk’s test unless otherwise indicated.

Regarding the figures that will be shown in this section,
the colour palette chosen for each of them was selected so
that the same colour is used for the same executions. This
means that all assessments corresponding to a baseline
execution (no predictor or direct communication system
is used) use the same grey colour. Executions correspond-
ing to the force predictor use the same shade of dark red
and those corresponding to the velocity predictor use the
same shade of light red. Similarly, dark blue is used for runs
where the buttons are used and light blue for runs where
the voice command recognition system is used. This allows
the reader to have more context in the subsection devoted
to the analysis of the third round of experiments. Similarly,
the same colour (orange, cyan and yellow) is used for those
variables that mean the same thing in all rounds of experi-
ments, such as the mean and maximum force exerted or the
average duration of each experiment. The authors recom-
mend to read the article in colour.

4.1 Force Predictor VS. Velocity Predictor

To test hypothesis H1, we performed three objective mea-
sures (execution duration, mean force, and maximum force
exerted by the human during the execution) in the three exe-
cutions comprising this first round. Fig. 2 shows the result.
No statistically significant variation is observed in any of
the measures (p=0.48, p=0.15 and p=0.18 respectively)
so it cannot be claimed that adding a predictor reduces the
human’s effort in any way. H1 is rejected.

To test H2, several tests are performed. First, the vol-
unteers are asked to rate from 1 to 7 multiple aspects cor-
responding to an effective HRI. Fig. 3 shows the result.
As can be seen, statistically significant increases occur
for all variables with these increases being similar for
both predictors: “Robot contribution to performance”
(F(2,63) = 15.89, p<0.001, 7% = 0.335), “Human respon-
sibility” (F'(2, 63) = 6.88, p=0.002, n? = 0.179), “Trust in
Robot” (F(2,63) = 5.46,p=0.006,7> = 0.147),“Comfort”
(F(2,63) = 12.91, p<0.001, n*> = 0.291). The exceptions
are “Robot contribution to fluency” where the velocity predic-
tor generates a greater increase (F'(2,63) = 8.44, p<0.001,
n? = 0.211; with force predictor: p=0.011; with velocity
predictor: p<0.001) and “Robot contribution as Human”
where the force predictor is the one with the biggest increase
(F(2,63) = 10.74,p<0.001, n? = 0.254; with force predic-
tor: p<0.001; with velocity predictor: p=0.0012). No nota-
bly more positive valuations are therefore detected for the
second predictor despite reducing the mean error in trajec-
tory estimation by 30.6% (0.138 m versus 0.199 m) except
if the subjective aggressiveness of the robot’s movements
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Fig.2 Assessment of objective
measurements (first round of
experiments). mean force exerted
in orange, maximum force
exerted in light blue and duration
in yellow for the three experi-

ments. Left axis in newtons (both 25,00
forces) and right axis in seconds

(duration). Bars represent std. dev 20,00

15,00

10,00
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0,00
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Mean Force [N]

With force predictor VS. with velocity
predictor (Objective measurements)

100,00
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70,00
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0,00
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mBaseline  mWith force predictor

Fig. 3 Assessment of the main aspects involved in the interaction (first
round of experiments). comparison among the baseline experiment
(without any predictor) in gray, experiment with force predictor in dark

(one of the questions associated to the “Robot contribution
to fluency” block in our questionnaire, see the Appendix)
is independently analysed in which there is an increase in
the case of using the first predictor although without being
statistically significant (»p=0.051).

Additionally, volunteers are asked to explicitly choose
between the two predictors, accepting the draw also as a
valid option. Fig. 4 shows the result. In general, the velocity
predictor is considered to be safer and more fluid, and the
force predictor is considered to execute the task faster. The
draw is the predominant choice as to which one is easier to
use or which one makes the robot behave more naturally.

Finally, volunteers are asked to choose which predic-
tor they find most appropriate for performing the task at
hand, not giving the draw as an option. Fig. 5 shows a com-
plete draw on this question. Therefore, H2 is confirmed,
as the volunteers have not indicated a preference for the
velocity predictor over the force predictor despite being
technically superior. Some of the volunteers’ comments
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,00
,00
,00
1,00

Human responsibility

Trust in Robot Confort Robot aggressiveness

= With velocity predictor

red and with velocity predictor in light red. Valuation from 1 (very
low) to 7 (very high). Statistical significance marked with *: p<0.05,
**: p<0.01, ***: p<0.001. Bars represent std. dev

in the post-experiment interview confirms this result. Vol-
unteer 1.6 commented “If you have changed anything
between the second (velocity) and the third (force) execu-
tion, I haven t noticed it”. Volunteer 1.13 commented “The
last one (velocity) seemed smoother to me but both work
correctly”.

At the end of the questionnaire that volunteers fill out
after each run, we added a task-specific control question to
check that they understood that the various methods they
were testing were designed to allow them to indicate their
intention to the robot. Fig. 6 shows the volunteers’ subjec-
tive ratings of how easy they found it to indicate their inten-
tion to the robot in this first round of experiments. There is
a statistically significant increase when using any predictor
but this increase is no greater when using the most objec-
tively accurate predictor (performing a Kruskal-Wallis test
since it does not pass the Shapiro-Wilk’s test followed by
a Nemenyi test: H=17.06, p<0.001; with force predictor:
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With Force Predictor VS. with Velocity Predictor (Comparison)
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"
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More fluid More natural Like two humans

m With velocity predictor Draw

Fig. 4 Election among predictors make by volunteers (first round of experiments). election made by the 22 volunteers instead of valuate aspects
numerically. Force predictor in dark red, velocity predictor in light red and draw in yellow

Which mode of operation
do you consider most
appropriate for the task?

= With force predictor = With velocity predictor

Fig. 5 Direct comparison of options (first round of experiments). elec-
tion made by the 22 volunteers with respect to which system they pre-
fer for the task at hand. Force predictor in dark red, velocity predictor
in light red

p<0.001; with velocity predictor: p=0.0021) reaffirming
the hypothesis H2.

4.2 Buttons VS. Voice Commands Recognition

If we perform the same objective measurements that were
performed in the first round of experiments, we observe
a reduction in the mean and maximum force exerted by
the human in the case of using buttons although without
being statistically significant (see Fig. 7). This generates
an increase in the duration of the execution that we can-
not consider as statistically significant as it lacks sufficient
statistical power(F(2,66) = 3.15, p=0.049 n* = 0.087). It
cannot, therefore, be indicated that there is a reduction in
human effort.

Easiness to indicate your intention

*%k%
*%*

7,00
6,00
5,00
4,00
3,00
2,00
1,00

Predictors experiment
= With velocity predictor

mBaseline wWith force predictor
Fig. 6 Assessment of the subjective easiness perceived by the user
to indicate their intention (first round of experiments). comparison
among the three executions performed: baseline, force predictor and
velocity predictor. Valuation from 1 (very low) to 7 (very high). Statis-
tical significance marked with *: p<0.05, **: p<0.01, ***: p<0.001.
Bars represent std. dev

With buttons VS. with voice
commands (Objective measurements)

*
25,00 100,00
90,00
20,00 77:49 80,00
70,00
15,00 60,00
50,00
10,00 40,00
30,00
5,00 20,00
10,00
0,00 0,00

With voice commands

Baseline With buttons

=== Mean Force [N] === Max. Force [N] Duration [s]

Fig.7 Assessment of objective measurements (second round of experi-
ments). mean force exerted in orange, maximum force exerted in light
blue and duration in yellow for the three executions. Left axis in new-
tons (both forces) and right axis in seconds (duration). Statistical sig-
nificance marked with *: p<0.05. Bars represent std. dev
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Baseline VS. With Buttons VS. With Voice Commands (Valuation)
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Fig. 8 Assessment of the main aspects involved in the interaction (sec-
ond round of experiments). comparison among the baseline experi-
ment (without any communication system) in gray, execution with

buttons in dark blue and with voice commands in light blue. Valuation
from 1 (very low) to 7 (very high). Statistical significance marked with
*: p<0.05, **: p<0.01, ***: p<0.001. Bars represent std. dev
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More fluid More natural Like two humans

m With voice commands Draw

Fig.9 Election among communication systems make by volunteers (second round of experiments). Election made by the 23 volunteers instead of
evaluate aspects numerically. Buttons in dark blue, voice commands in light blue and draw in yellow

To test H3, we use the numerical assessment made by
the volunteers using the same previous questionnaire (see
Fig. 8). A statistically significant improvement is observed in
all the aspects analysed, except in “Human responsibility” in
which we lack sufficient statistical power (F'(2,66) = 3.99,
p=0.023 % = 0.108), being this always higher in the case
of the use of voice commands. We highlight “Robot contri-
bution to fluency” (F(2,66) = 7.66, p=0.001, n> = 0.188;
with buttons: p=0.032; with voice commands: p<0.001)
and “Comfort” (F(2,66) = 8.67, p<0.001, n* = 0.208;
with buttons: p=0.014; with voice commands: p<0.001).
There is also a statistically significant increase in “Robot
contribution to performance” (F(2,66) = 19.63, p<0.001,
n? = 0.373) using voice commands relative to using but-
tons (p=0.042) and a statistically significant reduction in
“Robot aggressiveness” (performing a Kruskal-Wallis test
since it does not pass the Shapiro-Wilk’s test followed by
a Nemenyi test: H=9.59, p=0.005; with voice commands:
p=0.003). H3 is therefore confirmed. For the sake of com-
pleteness, the rest of results are as follows: “Robot contribu-
tion as Human” (F(2,66) = 10.05, p<0.001, n? = 0.233),
“Trust in Robot” (F(2,66) = 7.66, p=0.001, n*> = 0.188).

@ Springer

To test H4, we asked the volunteers to choose between
the two explicit communication systems (see Fig. 9) with
the system with buttons being considered faster when com-
municating and the system with command recognition com-
ing out victorious in all other aspects analysed. Finally, the
volunteers are asked to choose which system seems more
appropriate for the task being the system with voice com-
mands chosen by 86.9% of them (see Fig. 10). H4 is there-
fore confirmed.

Some of the volunteers’ comments shed light on these
results, showing that a communication system that is more
natural or human-like is preferred to one that may be techni-
cally more robust. Volunteer 2.8 commented “Even though
1 sometimes have to repeat the command, I prefer to be able
to talk to the robot”. Volunteer 2.17 said “There is a delay
until my command takes effect that with the first 1 (buttons)
it doesn't happen but the second one (voice commands)
allows me to focus more on exerting force” .

Analysing the result of the control question in which
volunteers rate the ease with which they can communicate
their intention to the robot, Fig. 11 shows how volunteers
consider that command recognition allows them to indicate
their intention more easily (with a Kruskal-Wallis test since
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: VS. both (Objective measurements)
do you consider most x
. 2 Kk Kk »
appropriate for the task? 30,00 10000
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10,00
0,00 0,00
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predictor commands system
==mms Mean Force [N] === Max. Force [N] Duration [s]

s With buttons = With voice commands

Fig. 10 Direct comparison of options (second round of experiments).
election made by the 23 volunteers with respect to which system they
prefer for the task at hand. Buttons in dark blue, voice commands in
light blue

Easiness to indicate your intention

**
**%x%

7,00
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4,00 l

3,00

2,00 =

1,00

Direct communication experiment

Baseline = With buttons =With voice comm.

Fig. 11 Assessment of the subjective easiness perceived by the user
to indicate their intention (second round of experiments). comparison
among the three executions performed in the second round: baseline,
with buttons and with voice commands recognition. Valuation from
1 (very low) to 7 (very high). Statistical significance marked with *:
p<0.05, **: p<0.01, ***: p<0.001. Bars represent std. dev

it does not pass the Shapiro-Wilk’s test followed by a Neme-
nyi test: H=19.46, p<0.001; with buttons: p=0.0048; with
voice commands: p<0.001) reaffirming the hypothesis H4.

4.3 Complete System
We take the velocity predictor (simply because it seems

to generate less aggressive movements since there is not
any noticeable preference between them) and the voice

Fig. 12 Assessment of objective measurements (third round of experi-
ments). mean force exerted in orange, maximum force exerted in light
blue and duration in yellow for the four executions. Left axis in new-
tons (both forces) and right axis in seconds (duration). Statistical sig-
nificance marked with *: p<0.05, **: p<0.01. Bars represent std. dev

commands recognition system as the two preferred sys-
tems by the human for inference and direct communication
respectively. With these, we perform a last round of experi-
ments to compare both of them and their combination.

Looking at the same objective measures used above,
only in the mean force exerted by the human is observed
a statistically significant variation (F'(3,116) =5.71,
p=0.0012 7% = 0.129) (see Fig. 12). Specifically, there is
a statistically significant increase when using the velocity
predictor relative to the baseline (p=0.009) and statistically
significant decreases when using the voice commands or the
complete system relative to using the predictor (p=0.002
and p=0.014) but not relative to the baseline (p=0.963 and
p=0.998).

To check H5 the numerical results obtained in the previous
rounds cannot be directly compared as they were performed
by different volunteers but require the same people to use
both systems. Using the same questionnaire used in previ-
ous rounds (see Fig. 13), it can be observed that both systems
produce statistically significant increases in all analysed
parameters except for “Human responsibility” where again
we do not have enough statistical power (F'(3,116) = 2.95,
p=0.036 n? = 0.071). The system with velocity predictor
achieves larger increases in “Robot contribution to fluency”
(F(3,116) = 21.42, p<0.001 n* = 0.356; with predictor:
p<0.001; with voice commands: p=0.0011) and “Robot
contribution to performance” (F'(3,116) = 22.89, p<0.001
n? = 0.372; with predictor: p<0.001; with voice com-
mands: p=0.0022), while the system with voice commands
outperforms it in “Trust in Robot” (F(3,116) = 18.88,
p<0.001 7% = 0.328; with predictor: p=0.014; with voice
commands: p<0.001) and “Comfort” (F'(3,116) = 22.00,
p<0.001 n? = 0.362; with predictor: p=0.0061; with voice
commands: p<0.001). HS is therefore confirmed. For the
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Fig. 13 Assessment of the main aspects involved in the interaction
(third round of experiments). comparison among the baseline execu-
tion (without predictor nor voice commands) in gray, execution with
velocity predictor in light red, with voice commands in light blue and
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Fig. 14 Election among communication systems make by volunteers (third round of experiments). Election made by the 30 volunteers instead of
evaluate aspects numerically. Velocity predictor in light red, voice commands in light blue and both systems in green

Which mode of operation
do you consider most
appropriate for the task?

= With predictor = With voice comm.

= With both systems

Fig. 15 Direct comparison of options (third round of experiments).
election made by the 30 volunteers with respect to which system they
prefer for the task at hand. Velocity predictor in light red, voice com-
mands in light blue and with both in green
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sake of completeness: “Robot contribution as Human”
(F(3,116) = 28.13, p<0.001 n? = 0.421).

To verify H6, Fig. 13 indeed shows that the system
that makes use of both options is the one that scores better
in all the aspects analysed, being the only one that man-
ages to reduce the perceived aggressiveness in the robot’s
movements in a statistically significant way (performing a
Kruskal-Wallis test since it does not pass the Shapiro-Wilk’s
test followed by a Nemenyi test: H=9.16, p=0.011; com-
plete system: p=0.014). If we ask the volunteers to choose
between the three systems (see Fig. 14), they choose the
system with voice commands as the easiest to use and the
complete system that makes use of both options in all other
aspects analysed. Finally, when the volunteers were asked to
choose which system they considered most appropriate for
the task, 86.7% of them opted for the complete system (see
Fig. 15). Therefore, H6 is confirmed.

Comments from some volunteers confirm these results.
Volunteer 3.19 said, "The predictor makes it more fluid,
but being able to talk to the robot gives me extra security
and peace of mind”. Volunteer 3.24 commented, “They are
very different approaches that I think can serve different
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Fig. 16 Assessment of the subjective easiness perceived by the user
to indicate their intention (third round of experiments). comparison
among the four executions performed in the third round: baseline,
velocity predictor, voice commands recognition and both systems.
Valuation from 1 (very low) to 7 (very high). Statistical significance
marked with *: p<0.05, **: p<0.01, ***: p<0.001. Bars represent
std. dev

purposes [...] give me both and I choose when and how to
use each”.

Finally, in terms of how easily volunteers feel they can
communicate their intention to the robot, Fig. 16 shows
once again the volunteers’ preference for the system that
combines both methods as they can use whichever one
they feel more comfortable with at any given time (with a
Kruskal-Wallis test since it does not pass the Shapiro-Wilk’s
test followed by a Nemenyi test: H=46.39, p<0.001; with
predictor: p=0.0013; with voice commands: p<0.001, with
both: p<0.001) reaffirming hypothesis H6.

5 General Discussion

The first notable result of this study is that none of the sys-
tems tested seem to produce a reduction in human effort,
understood as the mean and maximum force exerted during
the task. In the case of using any of the predictors, it seems
that there is even an increase which only became statistically
significant in the third round of experiments. It is worth men-
tioning that the volunteers were aware that a predictor was
being used in the experiment and that it received as input the
previously exerted force; however, they were not informed
about which specific predictor was in use. This is because
in the second and third round of experiments, whether using
buttons or command recognition, the volunteer needed to be
aware of these systems to utilize them effectively. Thus, to
ensure comparability across experiments, we informed the
volunteers of the presence of a predictor whenever it was in
use. It is possible that this might have encouraged a greater

force on the part of the human to make it easier for the pre-
dictor to infer their intention, understood as the desired path.
At the same time, we do not believe that the marginal reduc-
tion in the force exerted when using the buttons is primarily
due to the buttons incentivizing reduced effort. Observing
these executions, humans tend to pay attention to the mark-
ings on the handle before pressing any button to ensure
accuracy, which means that the force exerted during that
time naturally tends to be lower.

As for the comparison between the two predictors, that a
considerable technical improvement goes unnoticed in the
human’s subjective assessment of it, confirming the hypoth-
esis H2, challenges the justification for further refining the
predictor. It also seems to indicate that a perfect predictor is
not necessary, but simply a sufficiently effective one. This
result is not entirely unexpected, as it fits with the Pareto
rule [56-58] (which states that roughly 80% of effects come
from 20% of causes, implying that further improvements
beyond the “vital few” often yield negligible improve-
ments) or the Law of Diminishing Returns [59, 60] (which
describes how, beyond a certain point, each additional unit
of investment produces progressively smaller increases in
the profits) in economics. As for the two explicit commu-
nication systems, the confirmation of the hypothesis H4 as
well as comments such as those of volunteers 2.8 and 2.17
seem to indicate that participants place greater value on nat-
uralness than on technical attributes such as reduced delay
or lower failure rates. These two results combined support
the idea that we should pivot the current trend of attempting
to infer human’s intention in the best possible way towards
methods that seek to improve human-robot communication
making it as humane as possible.

It is worth mentioning that this work should not be
understood as being against the use of predictors. In one of
the executions conducted during the third round of experi-
ments, the Wi-Fi network used for the exchange of informa-
tion between the robot and the computer running the control
algorithm was saturated, causing delays in the generation
of the robot’s speed commands based on sensor data. This
made the interaction with the robot complex and counter-
intuitive. The inclusion of the 1s prediction enabled the
system to to compensate for these delays and allow the
human to perform the task satisfactorily. This is an illustra-
tive example of the usefulness of using predictors. Another
example could involve scenarios where direct communica-
tion is infeasible. This is why we do not advocate discarding
the use of predictors, but rather their correct combination
with explicit communication systems that are as natural as
possible, thus taking advantage of the benefits of both types
of systems. This is what explains the title of this article.

The analysis of human preferences carried out in this
work leads us to consider multimodality, understood as the
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use of multiple communication channels of different and
even redundant nature, as the preferred option for humans
when interacting with a robot. This mitigates the necessity
of developing a flawless predictor. Ultimately, this aligns
with human behaviour: we use our prior knowledge and
experience to try to predict the behaviour of our peers but,
when the uncertainty is too high or we simply do not know
the other person well, we choose to communicate directly
to avoid misunderstandings that could negatively affect the
outcome of the interaction. It is therefore to be expected
that the human expects the same behaviour from the robot if
the goal is for robots to be perceived as partners rather than
mere tools.

6 Conclusions

In this work we have conducted three rounds of experiments
using a collaborative transportation task to test the follow-
ing: 1) Predictor-based inference systems can enhance mul-
tiple aspects of effective HRI. However, there is a sufficient
performance beyond which technical improvements go
unnoticed by the human user. 2) The human prefers explicit
communication methods with the robot that prioritize natu-
ralness, even at the expense of a higher failure rate. 3) While
each system individually achieves comparable subjective
ratings from humans across various aspects, their proper
combination results in superior HRI outcomes, including
enhanced fluency, trust in the robot, and user comfort.

This study should be replicated in other tasks to confirm
these findings. In any case, these findings can serve as a
stepping stone to encourage and justify the use and devel-
opment of human-robot communication systems that seek
greater naturalness, such as natural language or gestures,
even if these systems may exhibit errors, simply because
humans are willing to accept them.
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