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Abstract— As robots transition from performing repetitive
tasks to collaborating with humans, understanding human
intent becomes crucial to effective interaction. Anticipation
enables robots to predict human actions, while proactivity
allows them to take initiative and guide human behavior toward
optimal outcomes. Although research has largely focused on
how robots infer and respond to human intentions, less attention
has been paid to how robots communicate their own intent.
This paper introduces visual proactivity, a novel, simple yet
effective approach that enables robots to communicate their
intentions through visual feedback, influencing human behavior
and enhancing transparency and fluency. We develop and eval-
uate proactive robotic behaviors in a human-to-robot handover
scenario, where a user study validates human perception of
reactive, anticipatory, and proactive behaviors. The results
demonstrate that effective visual proactivity fosters better
alignment and coordination, paving the way for more intuitive
human-robot collaboration.

I. INTRODUCTION

The field of robotics has evolved significantly, progressing
from machines designed for repetitive tasks to systems
capable of complex decision-making, such as autonomous
navigation [1] or tool selection [2]. As robots increasingly
collaborate with humans, merely understanding the environ-
ment is no longer sufficient; they must also interpret human
intentions, which are often unpredictable [3].

Understanding human intent is central to anticipatory and
proactive behaviors, which are key to effective human-robot
collaboration [4]. Anticipation involves predicting human ac-
tions, while proactivity goes a step further by taking initiative
and guiding human actions toward optimal outcomes [5].
Despite their differences, these terms are sometimes used
interchangeably [6], [7].

Most research on robotic proactivity has focused on rec-
ognizing and responding to human intentions through verbal
and non-verbal cues [8]. Verbal cues include explicit instruc-
tions or feedback, while non-verbal cues, such as gestures,
gaze, and posture, help infer human goals. However, much
less attention has been paid to the inverse problem: How
humans perceive and interpret robot intent. In particular, the
potential of visual cues not just to clarify but to shape human
decision-making remains largely unexplored. A robot that
proactively communicates its intended actions can promote
transparency, improve predictability, and foster trust. Yet,
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Fig. 1: Visual proactive behavior. Example in a human-to-
robot handover task. The human decides to go to a specific
goal (goal 4) but seeing the robot is moving towards another,
the human changes his goal (goal 3).

current approaches often overlook this dimension, focusing
narrowly on intention expression for interaction clarity rather
than intention guidance.

This challenge is particularly evident in collaborative as-
sembly tasks, where seamless coordination between humans
and robots is essential for efficiency and accuracy. In such
settings, a robot that visually signals its next intended action
can actively influence human decision-making and guide
their responses, rather than simply informing. By shaping
human expectations and prompting anticipatory behaviors,
the robot reduces cognitive load and helps align actions,
thereby minimizing disruptions. This proactive influence not
only streamlines task execution but also lowers the risk
of errors, ultimately fostering more intuitive, adaptive, and
effective human-robot collaboration.

In [9], the authors examined human perceptions of robotic
behaviors, highlighting the benefits of anticipatory and proac-
tive interactions. Building on this, we introduce visual proac-
tivity, a novel approach to bridging this gap (see Fig. 1). Our
contributions are twofold:

o First, we developed a simple yet effective proactive
robotic behavior that conveys its intentions to humans
through visual feedback, aiming to influence human
behavior.

e Second, we demonstrate these behaviors in a robotic
handover scenario, where a user study validates hu-
mans’ ability to distinguish reactive, anticipatory, and
proactive behaviors while assessing their impact on
efficiency, predictability, and satisfaction.

« Additionally, we verify that humans can accurately in-
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terpret the robot’s visual cues, fostering better alignment
and coordination.

While recent social navigation research increasingly relies
on real-world, multi-agent settings, our validation adopts a
controlled, lab-based setup with a single human participant.
This choice was intentional: it enables us to rigorously
isolate the effects of visual proactivity and attribute observed
behavioral changes directly to the robot’s signaling strategy,
without confounding factors from complex environments.
Although our demonstration is framed as a handover task,
the method targets the approach phase preceding it. The
same proactive signaling principle could naturally extend
to subsequent phases—such as negotiating, conversing, or
collaborating—making the contribution broadly applicable
beyond the specific scenario tested here.

To strengthen attribution, we also designed the evaluation
around a clear baseline contrasting proactive with non-
proactive behavior. This allows us to disentangle the specific
impact of visual intent signaling from more general aspects
of robot motion. Future work will expand this comparison
to include alternative proactive strategies, such as verbal
guidance, gestural cues, or multimodal signaling. These
richer baselines will situate visual proactivity within the
wider design space of proactive behaviors, while the current
study provides the necessary first step: a clean, foundational
test of its distinct contribution.

The remainder of this paper is organized as follows: Sec. II
reviews related work and defines visual feedback proactivity.
Sec. III describes the methods and systems used in this
study. Sec. IV outlines the experimental setup, hypotheses,
and participant distribution. Sec. V presents the results, and
Sec. VI concludes the paper.

II. RELATED WORKS

Human-robot collaboration is commonly structured around
three behavioral paradigms: reactive, anticipatory, and
proactive. These define how robots respond to human be-
havior: reactive systems adapt to real-time observations,
anticipatory systems leverage predictions of future human
actions, and proactive systems go a step further by actively
attempting to influence human decisions. While these cat-
egories are conceptually distinct, prior research often blurs
the boundary between anticipation and proactivity, and pays
limited attention to how robots can communicate their own
intent. Our work addresses this gap through the notion of
visual proactivity, where the robot uses its motion as an
implicit signal to convey its goals and encourage human
alignment.

Early research in this space has primarily emphasized how
robots perceive and respond to human behavior. Rozo et
al. [5] and Liu et al. [10] developed controllers that adapt
to human actions in collaborative tasks, enabling respon-
sive, flexible behavior. However, in both cases, proactivity
is implemented as enhanced anticipation rather than as
the deliberate expression of intent. A clearer separation of
these behaviors was later formalized by Dominguez-Vidal et
al. [9], who distinguish proactive systems as those that not

only predict human actions but also influence them—an idea
that forms the conceptual basis for our approach.

To achieve such influence, robots must communicate intent
effectively. Much of the literature in this area relies on
explicit verbal communication or augmented technologies.
For instance, Andersen et al. [11] and Walker et al. [12] em-
ployed augmented reality and visual overlays to externalize
robot intentions. Sirithunge et al. [8] reviewed non-verbal
strategies, including gaze, posture, and gestures, to increase
transparency. However, these methods often require addi-
tional hardware, structured environments, or are limited in
expressivity. In contrast, we aim to develop an intuitive, self-
contained mechanism: a robot that signals its intent solely
through its physical motion, without relying on wearables.

Motion legibility plays a central role in enabling such
non-verbal communication. Takayama et al. [13] showed
that animation-inspired principles can enhance the readability
of robot actions, improving human understanding of robot
goals. More recently, Schmidt-Wolf et al. [14] demonstrated
that legibility deteriorates in complex or cluttered environ-
ments, emphasizing the need for carefully designed motion
in realistic scenarios. Our work builds upon these insights by
showing that legible motion can not only clarify the robot’s
intent but also function as a subtle directive, guiding human
partners toward shared goals.

The connection between legibility and path planning has
also been explored in trajectory generation. Ngo et al. [15]
proposed Joint Potential-Vector Fields to produce paths that
are both obstacle-aware and legible to humans. While their
focus is on minimizing ambiguity, their method lays the
foundation for interpreting robot motion as a communicative
act. We extend this idea by incorporating predictive and goal-
driven cues into motion design, transforming legibility from
a passive property into an active, proactive signal.

Beyond legibility, robots must also account for human spa-
tial presence in shared tasks. Feil-Seifer et al. [16] introduced
people-aware navigation, enabling robots to dynamically
avoid and adapt to human movement. However, their system
is largely reactive, adapting to human behavior rather than
shaping it. Our approach flips this dynamic by placing the
robot in a guiding role—planning motion that influences,
rather than merely accommodates, human actions.

Anticipating human goals remains a critical capability for
collaboration. Duarte et al. [17] highlighted how accurate
intention prediction improves fluency in joint tasks. We take
this a step further: rather than simply aligning with human
intentions, our robot uses predictive models to propose
more efficient alternatives, leveraging motion itself to convey
suggestions and encourage behavioral change.

In summary, previous research has laid essential ground-
work in adaptive behavior, legibility, and intent recognition,
yet the question of how robots can project their own intent
non-verbally remains underexplored. Our proposed visual
proactivity framework addresses this challenge by integrating
prediction, environmental awareness, and motion design into
a cohesive behavior that both reflects and communicates
intent. This allows the robot to act not only as a follower
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or predictor but as a proactive partner—fostering intuitive
and transparent collaboration without the need for verbal
interaction or external devices.

III. METHODOLOGY

To test our assumptions about proactivity in visual feed-
back, we chose a handover task as a use case. Human-robot
handover is a collaborative task in which the human and the
robot coordinate to transfer an object from the giver’s hand
to the receiver. Although this task is typically divided into
three phases (carrying, signaling, and transfer), we focused
only on the first [18].

In this work, the human always delivers the object to one
of four predefined goals. To introduce variability, three ob-
stacles were placed between the goals, encouraging humans
to take different routes. To detect and track the human body,
we employed the Mediapipe library [19], which operates
effectively up to approximately 5 m. To evaluate the robot’s
reactive, anticipatory, and proactive behaviors, we developed
several methodologies, detailed below. The reactive behavior
relies on real-time human pose estimation to dynamically
adjust the robot’s trajectory. Anticipatory behavior enhances
this by integrating motion prediction, enabling the robot to
plan ahead based on expected human movements. Finally, the
proactive behavior goes beyond prediction, actively influenc-
ing human decision-making through visual cues to optimize
collaboration.

A. Reactive Behavior Pipeline

To implement reactive behavior, the robot was controlled
using a Behavior Tree (BT). The system starts with an RGB-
D camera that captures the human image, and at each time
instant, the robot plans a new path based on the detected
human pose.

The reactive behavior pipeline is as follows:

1) Capture an RGB image and detect human skeleton

landmarks using the Mediapipe library.

2) Extract the aligned depth image to estimate the current
3D pose of the skeleton landmarks.

3) Plan a new path for the robot to approach the human,
targeting the hip landmark with an offset of 0.2 m to
ensure safety.

Thus, the moving direction of the robot d; is depicted in

Fig. 2a and the goal coordinates are computed as:

x = pl, + cos(a)y/ph* — pp?
- , 2
y = p, + sin(a)\/ph” — py?
2 2
a= atan(\/p’; - p;z/\/pﬁ- - ;%)
where p” and p’, represent the actual position of the human
and the robot, respectively, whereas x, y, and « represent the
goal position and yaw. This process is repeated iteratively,
with the robot continually adjusting its path to approach the
human. Once the robot reaches the human or the distance
threshold indicates the goal is achieved, the handover is

considered complete. The robot then returns to its starting
position.

B. Anticipatory Behavior Pipeline

To enable anticipatory behavior, the robot’s path planning
integrates predictions of human movement. A trajectory
predictor [20] estimates the human’s path over the next 2.5 s
based on real-time skeletal markers. This predictor employs
an Attention Deep Learning model that comprises an atten-
tion module followed by a Graph Convolution Network and
a Discrete Cosine Transformation, enabling more accurate,
context-aware motion forecasting.
The anticipatory behavior pipeline is as follows:
1) Detect the human skeleton as described in the reactive
behavior.

2) Predict the human trajectory for the next 2.5 s using the
trajectory predictor.

3) Plan the robot’s path based on the predicted position of
the human hip landmark.

The moving direction of the robot dy is presented in
Fig. 2b, and the goal coordinates are computed similarly to
the reactive approach:

@ = py, + cos(a)/ph? — pi?
y = p), +sin(@)/ph? — py?

ph2 —pr?
VR? —pp?

where pP and p” represent the position of the human
prediction and the robot’s actual position, respectively.

By continuously predicting and planning, the robot antici-
pates the human’s future position, enabling faster recognition
of the intended delivery goal.

«a = arctan

C. Proactive Behavior Pipeline

Developing proactive behavior is a more complex process,
as the robot must go beyond merely predicting human
movements. In this case, it must also integrate environmental
information to suggest optimal alternative paths. To achieve
this, the robot continuously evaluates both the most probable
goal the human is heading toward and the closest goal
relative to itself.

In traditional approaches, when these two goals do not
align, the robot may notify the user verbally and propose an
alternative. However, in our method, the robot conveys the
alternative path through its own movements, fully leveraging
the concept of Visual Feedback Proactivity to enhance intu-
itive and non-verbal communication. Thus, the objective is
for the robot to navigate toward the optimal goal in a way
that subtly prompts the human to reconsider their path, using
motion as a form of suggestion and leveraging Visual Feed-
back Proactivity to guide decision-making through intuitive,
non-verbal cues.

To achieve this, the robot’s goal position is determined
as a weighted combination of the human’s predicted goal
and the shortest path. Since motion direction plays a crucial
role in human-robot interactions, we evaluate the similarity
between three directional vectors:
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Fig. 2: Schematic of reactive, anticipatory, and proactive approaches. In all the figures, the approaching direction of
the robot d¢ is represented in red. In (c), the direction between the robot and the human is depicted with dashed black,
the direction between the robot and the closest goal in green, and the direction between the robot and the prediction of the

human in blue.

. CZthI the direction of the human towards the predicted
goal,
e dya4: the direction of the robot towards the shortest path,
o dpo,: the direction between the human and the robot.
These directions are depicted in Fig. 2c. Subsequently, we
compute the dot products as follows:

A = dpag - dpar,
B = dr29 ' thT;

where A and B respectively measure the alignment of the
human’s and robot’s directions to their goals relative to the
direction between them.

Given these values, we introduce an additional parameter,
v, defined as a sigmoid function bounded between 0 and 1:

B 1

14+e a1
which is used to scale the contributions of the prediction and
the shortest path. The resultant direction of the robot dy is

shown in Fig. 2c and the goal position of the robot is then
computed as:

v

L= VPz,ag + (1 - ’Y)ﬁxh.Zg’

Y= ’ypy'r'Qg + (1 - ’Y)ﬁyh2g7
where pro4 and ppo4 represent the positions of the shortest
goal and the predicted goal, respectively.

When v — 0, only the predicted goal contributes to the
robot’s movement. Conversely, when v — 1, the shortest
path dominates. This enables the robot to move towards
a position that balances the predicted and shortest goals,
clearly communicating its preference for a different goal than
the one chosen by the human. If human motion consistently
deviates from the optimal one, we also use the parameter ~y
to switch to verbal proactivity rather than a globally fixed
threshold. This allows the robot to notify the human that, in
case its intent is not directly detected, a different goal would
be optimal, thereby increasing the human’s awareness of the
robot’s behavior. In this case, the robot would momentarily
slow down, ask the human to choose a goal between the
closest and the predicted, and move according to the provided

<--~~\

<"

Fig. 3: Experimental setup. Four goals (numbered circles)
are depicted considering the presence of three obstacles
(squares). In the bottom left corner, a camera is positioned
for recording. Note that volunteers were free to move as they
preferred, without following precise, definite routes.

answer. While an ablation study of the threshold is outside
the present scope, the consistent performance across partic-
ipants suggests that its role is not overly sensitive to fine-
tuning. Future work will systematically evaluate different
parameterizations of  and explore adaptive online adjust-
ment methods to further enhance robustness across diverse
human-robot interaction scenarios.

The proactive behavior pipeline can be summarized as:

1) Detect and predict the human skeleton, as described in
the anticipatory behavior module.

2) Identify the closest goal and evaluate .

3) Plan the robot’s path based on the resultant position
obtained through ~.

By continuously predicting the human’s goal and de-
termining the closest possible destination, the robot can
anticipate the human’s future position and assess whether the
current path is optimal. If the situation demands, the robot
proactively suggests an alternative route through visual cues
and, when appropriate, verbal communication.
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Fig. 4: Experimental trials. Examples of (a) reactive, (b)
anticipatory, and (c) proactive approaches. In (c), the human
changes his course, without the need for the robot to ask to
choose between goals 3 and 4.

IV. EXPERIMENTAL SETUP

In this section, we describe the real-world experiments
conducted to evaluate the visual proactivity approach pre-
sented in Sec. III. The experimental campaign was designed
to assess the following hypotheses:

o H1 — Participants can distinguish between reactive and
anticipatory robot behaviors.

o H2 — Participants can understand when the robot pro-
poses alternative routes without relying on verbal com-
munication.

« H3 — Anticipatory behavior improves perceived quality
of human-robot interaction (HRI).

o H4 — Participants prefer proactive robot behavior over
reactive navigation.

The study followed a single-blind within-subject design.
Participants were informed that they would interact with a
mobile robot navigating toward different goals under varying
navigation strategies. However, they were not informed about
the specific hypotheses of the study or the anticipatory nature
of any particular behavior, to avoid biasing their perception
and evaluation. A total of 30 participants (19 male, 11
female), aged between 20 and 64 years (u = 31.83, 0 =
11.89), were recruited. All participants provided informed

consent prior to the experiments. No financial compensation
was offered. The experimental protocol was approved by the
Ethics Committee of the Universitat Politecnica de Catalunya
(UPC), with UPC ID number 2024:020, and conducted in
accordance with relevant guidelines and regulations.

A. Experimental Setup

At the beginning of each trial, both the human participant
and the robot started from predefined positions, consistent
across all experimental sessions, with an initial separation
distance of 5 meters. This distance was selected to ensure
sufficient interaction time for trajectory adaptation and an-
ticipatory behaviors to become clearly perceptible.

The robot used in the experiments, IVO [21], is equipped
with an omnidirectional mobile base and a humanoid torso.
An RGB-D camera mounted on its head detected and tracked
human skeletons, while a 2D LiDAR sensor installed on the
base was employed for obstacle detection and safe naviga-
tion. The robot’s linear velocity was limited to 0.35 m/s, cor-
responding to comfortable indoor shared-navigation speeds.
A minimum human-robot distance of 0.2 m was enforced to
ensure safety throughout the experiments.

The scene configuration, including fixed starting positions
and predefined goal locations (see Fig. 3), was chosen to en-
sure repeatability across participants while creating realistic
path-negotiation scenarios. The spatial arrangement allowed
multiple potential trajectories, thereby enabling the evalua-
tion of different strategies under comparable conditions.

B. Procedure

Each participant performed four trials (one for each goal
depicted in Fig. 3) under each of the three robot behaviors,
resulting in 4 x3 = 12 trials per participant. The order of both
the goal locations and the robot behaviors was randomized
to mitigate ordering effects. Representative trial sequences
for each behavior are shown in Fig. 4.

Before starting the recorded trials, participants completed
a short familiarization trial using a neutral navigation be-
havior. This training phase was not included in the analy-
sis and was introduced solely to help participants become
comfortable with the robot’s motion characteristics and the
environment’s spatial layout. At the beginning of the exper-
iment, participants were instructed to walk naturally toward
visually indicated goal locations while sharing the space with
the robot. They were informed that the robot would also
navigate toward goals in the environment, but were not given
any information about the internal navigation strategies or
predictive mechanisms.

After completing the four trials corresponding to a spe-
cific robot behavior, participants completed a questionnaire
that included selected items from the Godspeed Question-
naire [22] and additional validated items inspired by [23].
Responses were collected using a 7-point Likert scale to eval-
uate perceived intelligence, safety, predictability, naturalness,
and overall interaction quality.

At the end of the full experimental session, participants
took part in a short semi-structured interview based on
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Fig. 5: Bar chart for H1 and H2. Results from the
questions considered for (a) H1 and (b) H2. The median
and interquartile range for the three behaviors are plotted.
p-values are reported above the bar charts. The symbols ,
+x and * x % denote the levels of statistical significance.

three open-ended questions: “What do you think about the
experiment in general? Have you noticed differences among
the three tests? If so, which ones? What would you improve?”
During all trials, both robot and human poses were recorded
for subsequent quantitative analysis.

V. RESULTS AND DISCUSSION

Before analyzing the questionnaire results, we removed
outliers that exceeded 1.5 times the interquartile range (IQR)
from the first (Q1) and third (Q3) quartiles. This choice
was made to reduce the influence of extreme responses that
could disproportionately bias the non-parametric statistical
tests. Importantly, the number of excluded responses was
small (4 outliers, below 1% of the total), and their removal
did not qualitatively alter the distribution of the remaining
data. We also conducted a power analysis to ensure we
selected the appropriate sample size. Considering p < 0.05,
n = 30 participants and a desired statistical power of 80%,
we can detect effect sizes of around 1> = 0.123. Given that
the Shapiro-Wilk test indicated the data were not normally
distributed, we employed the Friedman non-parametric test
to assess significant differences across the three experimental
conditions. In the following section, we will discuss each hy-
pothesis in detail, taking into account both the questionnaire
responses and the recorded human and robot trajectories.
This analysis played a crucial role in confirming significant
improvements in the proactive approach compared to the
others.

First, we tested hypothesis H1. This analysis used a spe-
cific question to assess whether volunteers could distinguish
between reactive and anticipatory/proactive behaviors. As
shown in Fig. 5a, both anticipatory and proactive behaviors
have lower median scores than the reactive one (Mdn:4
and Mdn:3 vs. Mdn:6), indicating that volunteers effectively
noticed differences between the behaviors. This is also
confirmed by statistically significant differences (p = 0.009

Goal 3

—m
0 5 10 0 5 10
Time Step [s] Time Step [s]

(a) (b)

Fig. 6: Human trajectory clusters. Obtained clusters from
the human trajectories for Goal 2 and Goal 3 with GMM,
where o and o represent the mean and the standard deviation
of the distribution, respectively. Two different clusters are
evident where the volunteer tends to go to a different goal,
but in the end, chooses the goal where the robot is moving.

[ S ) a2

and p < 0.001) between anticipatory and proactive behavior
and reactive behavior. Thus, H1 is confirmed.

To evaluate H2, we analyzed two questions about partic-
ipants’ understanding of the robot’s intentions. The first as-
sessed whether the robot was perceived as moving toward an
incorrect goal, and the second explored whether it influenced
participants’ decision-making. As shown in Fig. Sb-Left, the
results are not statistically significant, and their values are
similar (Mdn: 4, 4, 3 for reactive, anticipatory, and proactive
behaviors, respectively). This indicates that the participants
perceived the proactive robot as intentionally moving toward
a different goal and not making an unintended mistake. The
answers to the second question show significant statistical
differences between the proactive and the other behaviors
(p < 0.001 and p = 0.0014). Thus, the analysis confirmed
that the robot’s movements towards a different goal were
interpreted as a clear intention to influence volunteers’
decision-making, as highlighted in Fig. 5b-Right.

Furthermore, we analyzed participant trajectories during
visual proactive behavior using Dynamic Time Warping
(DTW), a technique that measures similarity between time
series with temporal variations, and Gaussian Mixture Mod-
els (GMM), a probabilistic clustering method that models
the underlying distribution of trajectory data as a mixture of
Gaussian components. As illustrated in Fig. 6, participants
initially heading towards goals 1 and 4 shifted to goals 2 and
3 (closer to the robot) without any verbal prompts. Notably,
54% of trials to goals 2 or 3 fell into this cluster (red curves
in Fig. 6). In 30% of cases, the robot changed its course
to reach the human at the predicted goal, meaning that the
threshold for v was not reached, and for the remaining 16%,
the robot slowed down to switch to verbal proactivity and
ask the volunteer to choose between the predicted and the
optimal goal. Open-ended responses corroborated this, with
participants expressing understanding of the robot’s inten-
tional movements, such as: “During Experiment 2 (proac-
tive), I thought the robot was moving to the wrong place
at first, but I realized it was guiding me by its movements.”
These results confirm H2.
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Fig. 7: Bar chart for H3 and H4. Results from the questions considered for (a) H3 and (b) H4. The median and interquartile
range are reported for all behaviors. p-values are reported above the bar charts.

To verify H3, we analyzed 14 questions related to the
robot’s perceived efficacy. As shown in Fig. 7a, half of the
selected results were not statistically significant (average of
p = 0.4672). However, anticipatory and especially visual
proactive behaviors scored higher for “The robot positively
contributed to the performance” (p = 0.0024 and p < 0.001),
“The robot contributed does the right thing at the right time”
(both p < 0.001), and “The robot contributed to the fluency”
(both p < 0.001). Moreover, although visual proactive
experiments took an average of 8.3 seconds longer, this
was not perceived negatively in the question “Robot speed
was appropriate” (Mdn: 5 across all behaviors). Additionally,
“The robot proposed good solutions” was rated highest for
proactive behavior (p = 0.0054 and p = 0.0042), indicating
participants found these solutions reasonable and engaging.
Thus, H3 is confirmed.

Finally, we tested H4 using seven questions. Although

most responses did not show significant differences among
the three behaviors, this may be attributed to the nature
of the specific areas of the experiment, such as questions
related to soothing or perceived safety, which did not differ
significantly across the three approaches and may have been
less relevant in this context. In contrast, proactive behavior
was rated considerably higher for “Humanlikeness” and
“Consciousness” (both p < 0.001), as shown in Fig. 7b.
Participants described the robot as acting more human-like
and thoughtful in their open-ended responses, with comments
such as: “Experiment 3 (proactive) was more engaging, and
the robot moved as one of us would have.” Although H4 is
not fully confirmed, these findings highlight the potential of
visual proactivity to enhance perceptions of humanlikeness
and intentionality in robot behavior, suggesting promising
directions for future research.
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VI. CONCLUSION AND FUTURE WORKS

This study introduces and validates the concept of visual
proactivity as a novel approach to enhance human-robot col-
laboration. Through theoretical advancements and practical
demonstrations in a robotic handover task, we demonstrate
the effectiveness of visual feedback in improving collabo-
ration metrics, including efficiency, predictability, and user
satisfaction. The findings demonstrate that proactive robotic
behaviors foster intuitive, seamless interactions by shaping
human intention through visual cues. This enhances fluency
and transparency in collaborative tasks.

Our experiments validate humans’ ability to distinguish
between reactive, anticipatory, and proactive robot behaviors.
Furthermore, visual proactivity proved effective in influenc-
ing human decision-making, guiding participants to align
with the robot’s intended actions even in the absence of
verbal communication. The observed improvements in col-
laboration fluency and task efficiency highlight the potential
of visual feedback as a key element in the design of human-
robot interaction.

Future work will focus on expanding the applicability of
visual proactivity to more complex tasks and environments,
such as multi-agent collaboration scenarios and dynamic,
unstructured settings. Incorporating additional non-verbal
modalities, such as haptic feedback and augmented reality,
could further enhance the robot’s ability to effectively in-
fluence human behavior. Another promising direction is ex-
ploring adaptive systems that personalize proactive behaviors
based on individual user preferences, ensuring inclusivity
and accessibility. Additionally, we aim to investigate how a
reduced sense of responsibility may impact decision-making
and ethical considerations, aligning with the principles of
Responsible Research and Innovation (RRI). Finally, longi-
tudinal studies will be conducted to evaluate the long-term
impact of proactive behaviors on user trust, satisfaction, and
collaboration efficiency in real-world applications.
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