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Integrating robots into everyday human environments demands efficient and natural collabo-
ration methods. Multimodal collaboration uses multiple methods of communication at the same
time to improve human-robot interaction. This thesis is a literary review about the foundations,
techniques, applications, and challenges of multimodal human-robot collaboration (HRC). The
goal of the study is to combine information from various sources about the past, current and future
state of multimodal HRC.

This thesis is split into parts that focus on the foundations, techniques, applications, and future
directions of HRC. The study explores historical developments from early multimodal interfaces
to current applications in industrial and social settings. Over time it has been found that combining
multiple modalities such as speech, gestures, vision, haptics, and physiological sensing improves
task allocation, communication, and adaptability in dynamic environments. Furthermore, a split
into both explicit and implicit coordination techniques is presented. Challenges such as techno-
logical limitations, ethical concerns, privacy issues, and cognitive load are analysed, along with
future directions like proactive collaboration, large language models, embodied intelligence, and
real-time emotional interpretation.

Through this literature review, it becomes clear that while multimodal systems have advanced
significantly, further research on the different modalities is needed to achieve seamless, trustwor-
thy, and context-sensitive human-robot teamwork. Despite considerable advances, multimodal
systems are not yet a ubiquitous or indispensable part of computing. Research must continue
both in enhancing individual modalities, such as speech recognition, vision-based tracking, and
haptics, and in developing cohesive methods for integrating them effectively. Addressing chal-
lenges like cognitive load, system robustness under diverse conditions, and privacy concerns will
be critical for widespread adoption. The development of comprehensive design frameworks and
best practices remains essential to ensure that multimodal interfaces become natural, reliable,
and trustworthy tools for human-robot collaboration.

Keywords: Multimodal, modality, human-robot collaboration, human-robot interaction, human-
robot teaming, task allocation
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1. INTRODUCTION

The integration of robots into various aspects of human life has transformed how we
approach tasks ranging from industrial manufacturing to service-oriented applications.
This evolution demands efficient robot interaction, which ensures seamless communica-
tion and collaboration between humans and robots. To address these needs, research-
ers have increasingly focused on multimodal interaction that uses multiple methods of
communication at the same time, leveraging natural communication methods such as
speech and gestures to improve human-robot interaction (HRI) [1]. HRI focuses on un-
derstanding and designing interactions between humans and robots, with an emphasis
on developing robots that can adapt to human behavior. Building on this foundation, hu-
man-robot collaboration (HRC) explores new methods and technologies that enable ro-
bots to collaborate with humans in shared spaces. Taking this concept even further, hu-
man-robot teaming (HRT) examines how to form effective and efficient teams where hu-

mans and robots work together seamlessly to accomplish shared objectives.

Human interaction is inherently multimodal, utilizing a combination of sensory inputs like
sight, sound, and touch to convey information and execute tasks. [2] In contrast, early
human-computer interaction (HCI) relied on unimodal approaches, typically involving
text-based interfaces or graphical user interfaces. Recognizing the limitations of these
systems, researchers have explored multimodal HRI to mirror human communication
more closely. For example, gestures are a particularly effective form of interaction due
to their semantic richness and alignment with human physicality. Unfortunately, gesture-
based systems still face challenges such as variability in user motion, psychological fac-
tors, and unintentional gestures that can lead to operational inaccuracies. Speech inter-
action, especially when paired with natural language understanding (NLU), provides a
flexible and efficient way for humans to communicate with robots. [2] However, natural
language's inherent ambiguity presents challenges in robot control, necessitating robust

frameworks to prevent discrepancies or errors in execution.



When combined with each other, these modalities reduce ambiguities inherent in natural
language processing and enhance command accuracy. Real-time task allocation in hu-
man-robot teams benefits from combining explicit and implicit coordination mechanisms.
[3] By integrating multimodal cues such as speech commands and spatial gestures, ro-
bots can adapt their actions to complement human collaborators effectively in ad-hoc
and dynamic settings. By addressing the shortcomings of unimodal approaches, multi-
modal systems pave the way for robots to function as equal partners in collaborative

environments [2].

In this literature review, several articles regarding the subject are condensed together
and discussed at length. Some of these articles were chosen by the examiner, while
others were chosen later to complement the existing sources. The focus will be on the
history of human-robot collaboration, the different forms of collaboration and applications
for them, and on the challenges and future direction for the field. Lastly, the conclusion

chapter at the end will then condense it all together.



2. FOUNDATIONS OF MULTIMODAL INTERAC-
TION IN HUMAN-ROBOT COLLABORATION

Throughout history, teamwork has played a crucial role in enabling humans to construct
and innovate at remarkable speed and scale, driving both technological advancements
and cultural evolution. [4] Now, as robotics as a field has reached a significant level of
maturity, researchers are at a stage where they are able to elevate collaboration between
robots and humans—known as human-robot teaming (HRT). This advancement has the
potential to usher in a new era of technological progress. Before HRT, however, re-

searchers had to delve into the topic of HRI, and furthermore, HRC.

Early HCI relied on unimodal approaches, typically involving text-based interfaces or
graphical user interfaces. [2] Due to the limited nature of those systems, researchers
eventually tried to invent multimodal solutions. Richard Bolt’s “Put That There” system is
considered to be a pioneering example that initially illustrated the significance and po-
tential of multimodal interfaces. [1] Bolt’s Architecture Machine team at the Massachu-
setts Institute of Technology Architecture built the Media Room. The room managed to
integrate gesture and voice inputs that enabled a seated user to have an efficient inter-
action that felt natural with a spatial data management system through a wall display [5].
Commands like “create a blue square there”, “make that smaller”, “move that to the right
of the green square”, and the well-known “put that there” demonstrate the effectiveness
of combining multiple modalities to reduce ambiguity and clarify pronoun references. [1]
These expressions cannot be accurately understood using only the spoken words or the
gesture independently—both are necessary. However, when the two modes are com-
bined and correctly interpreted, they form a clear and intuitive command that feels natural
for the user. The system was not without its problems, however, as it revolved around

simple keywords and combinations and relied heavily on clear articulation [5].

The "Put That There” system inspired a wave of research efforts aiming to combine
speech and gesture across diverse application domains, with speech-based systems
leading much of the early work in multimodal interfaces. [1] Initial developments in this
field were largely centered on spatial interactions and map-related functionalities. "Put

That There” itself was designed for managing spatial data. Similarly, CUBRICON allowed



users to engage through spoken or typed natural language combined with gestures, pre-
senting output via integrated use of language, graphical elements, and maps, specifically
for planning tactical missions [6]. Another notable system, QuickSet, functioned as a pen
and voice interface on an early tablet PC, developed for training scenarios within the
U.S. Marine Corps [7]. Over time, other approaches emerged, introducing new interac-
tion methods like haptics and later incorporating mobile platforms, which offered fertile

ground for exploring multimodal interactions [1].

Although multimodal interaction can be seen as an extension of the conventional desktop
environment, the majority of research and development in this area has concentrated on
alternative forms of computing contexts. [1] Van Dam characterized post-WIMP user in-
terfaces as systems that move past the traditional desktop GUI model, emphasizing al-
ternative interaction methods such as gestures, speech, 3D input, and sketching. While
these interfaces represent progress, they still fall behind the more ambitious vision of
"butler-like" systems—interfaces capable of understanding a user's context, preferences,
and habits, and responding appropriately, often without the need for explicit commands.
Much like a real butler, such a system would anticipate the user's needs. Interaction with
these advanced interfaces would resemble human-to-human communication, involving

speech, gestures, facial expressions, and other natural modalities.

The concept of post-WIMP interfaces evolved into a pursuit of more advanced, assistant-
like interactions, giving rise to the development of "perceptual interfaces”. [1] These in-
terfaces try to present a more intuitive and engaging user experience by mimicking the
natural ways humans communicate and interact—both verbally and non-verbally. They
incorporate interaction methods grounded in an understanding of innate human abilities,
such as communication, motor function, cognition, and perception, and utilize machine-
based reasoning and perception. Perceptual User Interfaces (PUIls) are designed as pro-
active, multimodal systems that embed perceptual functions directly into human-com-
puter interactions. Beginning in 1997, a multitude of PUI workshops laid the groundwork
for what would eventually merge with the International Conference on Multimodal Inter-
faces (ICMI) that had its inaugural meeting in 1996. This merger led to the creation of a
new Association for Computing Machinery (ACM) -sponsored conference which has
since become the leading forum for research in multimodal interaction. In subsequent
years ICMI, renamed the International Conference on Multimodal Interaction (ICMI), fur-

ther expanded by joining with a workshop based in Europe. The workshop had a focus



on multimodal interaction and machine learning, both of which enhanced ICMI’s thematic
range and international participation. Since 2013, ICMI has been held annually under the

ACM, highlighting cutting-edge advancements in the field.



3. TECHNIQUES AND APPLICATIONS

3.1 Typical Modalities in Human-Robot Interaction

Modalities are the basis of HRI, and, moreover, HRC. Wang et al. [8] claim that the four
typical modalities of HRI are vision-based prediction and recognition, communication
through natural language, human-centered sensing, and robot-centered sensing (hap-
tics). In comparison, Chen et al. [9] present gestures and speech as the two most com-
mon modalities. Lastly, Turk [1] split relevant multimodal HCI modalities into touch-
based, auditory, visual, and other sensors. While the categorizations are quite like each
other, differences can be seen possibly due to different publication years and information

sources. Table 1 lists some modalities and related examples. [8]

Table 1. Modalities in Human-Robot Interaction.

Modality Tasks Applications

" . F h ition,
Human position, activity, ace and hand gesture recognition

Vision ) motion prediction, body detection,
pose, and emotion . .
face-based identity
Auditory ASR, SLU. Speec.:h I‘(.ECOgnI’[I-OI"I, chatbgts, hu-
. man-like interaction with dialogue
dialogues systems
systems
R izing h touch . ;
Haptics gqogmzmg uman c.)l.JC Social robots, collaborative assem-
or activity, texture recognition, blv. virtual reality applications
virtual texture rendering ¥ yapp
Human emotion, hand . . )
Human-centered sensing gesture, hand motion Interaction with mobile robots, pros-

o thetic hands, safe HRC
recognition

Vision-based technologies are quite common in the field of HRI. [8] They center around
sensing where the human is in comparison to the machine, and what they are doing.
This includes algorithms focused on detecting human position, activity, pose, and emo-

tion to enable more intuitive and responsive collaboration. Human position and face de-



tection support tasks like collision avoidance and individual tracking, while activity recog-
nition and prediction help robots understand and predict human behavior in dynamic
environments. Human pose and gesture recognition enhance ergonomics, safety, and

coordination in tasks such as handovers, programming, and teleoperation.

Language is another vital component of HRI, with recent progress in natural language
processing (NLP) enabling key functions like spoken language understanding (SLU), au-
tomatic speech recognition (ASR), and dialogue systems. [8] ASR systems allow robots
to interpret human speech and are used in industrial settings for voice-command tasks,
while SLU focuses on grasping user intent to guide robot actions more effectively. To-
gether, ASR and SLU support question-answering and dialogue systems that help main-
tain natural, conversational interaction between humans and robots. Although noise sen-
sitivity and contextual language complexity have limited widespread adoption, large lan-
guage models like ChatGPT are opening new possibilities for integrating language into
HRI.

Haptics play a key role in HRI by enabling two-way communication through tactile sens-
ing and feedback. [8] Tactile sensors such as pressure, force/torque, and material-sen-
sitive types allow robots to detect touch, identify objects, and adapt in real time to human
interactions, supporting tasks like grasping and manipulation. Haptic display technolo-
gies—like electrical, thermal, pneumatic, and vibrational feedback—provide users with
immersive tactile experiences, especially in virtual and remote collaborative environ-
ments. These sensing and actuation methods together enhance safety, realism, and re-

sponsiveness in both physical and virtual HRI settings.

Physiological, human-centered sensing in HRI focuses on monitoring human states—
such as brain activity, heart rate, and muscle movements—to help robots respond more
intuitively and effectively. [8] These signals are divided into electrical types, like electro-
encephalography (EEG) and electrocardiography (ECG), which capture cognitive, emo-
tional, and muscular data for interpreting human intent and actions. Physical signals,
gathered through tools like accelerometers and pressure sensors, are used to detect
gestures and movements for real-time interaction. Together, these sensing methods en-
hance human-centered HRI by enabling robots to adapt dynamically to physiological

cues.



Gestures are considered to be a subcategory of physiological sensing by Wang et al. [8].
They are a particularly effective form of interaction due to their semantic richness and
alignment with human physicality. [2] Markerless vision-based gesture recognition has
gained traction as a natural and non-intrusive method for interpreting human actions.
Research has demonstrated significant advancements in this domain, such as three-
dimensional gesture tracking and recognition algorithms that use hybrid sensors. These
methods ensure accurate gesture interpretation while minimizing errors caused by oc-
clusion or unintended actions. Despite these advancements, gesture-based systems
face challenges such as variability in user motion, psychological factors, and uninten-

tional gestures that can lead to operational inaccuracies.

3.2 Combining Modalities

In HRI within industrial environments, various modalities—such as vision, auditory and
language, haptics, and physiological sensing—are increasingly integrated to enhance
collaborative performance. [8] These modalities often work together, with one serving as
the primary input and others acting in a supporting role to enrich perception and decision-

making. Some examples of modality combinations are given in Table 2 below.

Table 2. Modality combinations.

Combination Features Applications

Autonomous cars, visualizing
navigation, precise pose identifi-
cation

- Prediction, recognition, visual
Vision + Gestures . .
data from multiple devices

Dialogue, navigation, manip-
ulation, natural language appli-

cations

Avoiding collisions, assem-
bly, delicate tasks performed by

Vision + Language Prediction, recogn.ltlor-L verbal or
text communication
Prediction, recognition, intuitive

Vision + Haptics interaction through haptics

the robot
o Prediction, recognition, intuitive Emotion recognition, human
Vision + Huma.m- interaction through physiological position/activity/gesture/hand
centered sensing sensing motion tracking

Haptic feedback, precise percep-
Haptics + Human- tion, Robot-centered sensing, hu-
centered sensing man recognition

Haptic gloves, tactile feed-
back, hand motion tracking



Visual information is frequently paired with other sensory inputs, given its ability to detect
and recognize human gestures, objects, and spatial configurations. [8] Pairing vision with
tools like Kinect and Leap Motion allows for more accurate full-body and hand gesture
recognition compared to using a single device. Combining visual and auditory or lan-
guage-based inputs is often used for tasks involving communication, navigation, and
collaboration, even though physical interaction remains challenging in this setup. Vision
is essential for recognizing people, objects, and surroundings, while humans communi-
cate with robots using speech or text. The integration of vision with haptics supports
physical interaction tasks such as grasping, safe collaboration, and learning from demon-
stration. Additionally, merging vision with physiological sensing improves recognition
tasks like gesture or emotion detection, especially in environments with visual noise or

poor lighting.

Furthermore, Yongda et al. [2] studied the combination of speech and gestures, and
suggested an enhanced HRI system that combines the modalities in their control scheme
to enhance accuracy, naturalness, and ease of use. Speech commands were classified
using a maximum entropy classifier, while hand gestures were tracked with Leap Motion
and refined using an Interval Kalman Filter. Experiments with volunteers showed that the

combined method outperforms systems relying solely on speech or gesture.

The combination of haptics with other modalities is widely used in human-robot interac-
tion to improve precision and sensory feedback. [8] When paired with vision, tactile sen-
sors provide detailed information like pressure, temperature, and texture, while visual
input supports broader environmental recognition. This integration enables robots to per-
form complex tasks such as twisting, spreading, and pinching with greater accuracy.
Haptics also work well with physiological sensing to enhance both the robot’s respon-
siveness and the human user's sensory experience. This synergy is particularly im-
portant in technologies like extended reality (XR) haptic gloves, which rely on realistic
feedback for immersion. Overall, tactile fusion strengthens both control and interaction

quality in advanced robotic systems.

The use of multiple haptic sensors and actuators allows robots to gather and replicate
sensory data such as texture and temperature, enabling more nuanced physical interac-
tions. [8] Smart gloves are a common application in this area, using physiological signals

to recognize gestures, anticipate movements, and assess user comfort. Language and
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audio-based interaction without vision is rare due to environmental noise and the imprac-
ticality of typing during physical tasks. Some studies have successfully combined three
modalities—vision, audio, and haptics—to create emotionally responsive robots and en-
hance interaction in virtual reality (VR) environments. For example, smart gloves with
visual markers, physiological sensors, and haptic feedback provide accurate hand track-
ing and immersive user experiences. These advancements highlight the growing poten-
tial for complex multimodal systems in fields like manufacturing and remote collabora-

tion.

Multimodal fusion is another form of multimodal combination. [8] It involves analyzing
data from different modalities through classification and regression tasks, integrating
multiple data sets using deep learning (DL) and machine learning (ML) models. These
fusion techniques combine data, features, and decisions from various modalities to en-
hance analysis, with a focus on multimodal HRI applications, particularly in industrial
settings. There are three primary types of multimodal fusion methods: early, late, and
intermediate fusion. Early fusion merges raw or preprocessed data into a feature vector
for analysis, which can improve accuracy but struggles with challenges like synchroni-
zation and dimensionality disparities. Late fusion integrates decisions made by individual
models after data analysis, offering simplified implementation and flexibility, though it
may miss out on correlations between modalities and is more time-consuming. Interme-
diate fusion combines the strengths of early and late fusion by merging representations
from each modality within a shared layer, offering a balanced approach that has gained

popularity with advances in DL.

3.3 Explicit and Implicit Task Allocation Techniques

In addition to different modalities, different techniques in multimodal HRC can also be
categorized into explicit and implicit techniques. [3] While many users appreciate auton-
omy in robots, they also desire control, especially in tasks involving joint efforts. Explicit
task allocation techniques require users to intentionally assign tasks to the robot before
it acts. In an investigation performed by Mahadevan et al. [3], four such methods were
prototyped: voice commands, a visual menu, subtle relocation, and fixed territorial zones.
The voice method involves speaking the number displayed on an object to assign it to

the robot, while the menu allows object selection through touch or pointing gestures.
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Subtle relocation relies on the direction an object is moved—toward the robot or user—
to determine assignment, using the concept of proxemic interaction. Fixed territories di-
vide the workspace into color-coded zones for the user, robot, and shared group, with

task allocation based on object placement within these areas.

Implicit task allocation techniques forgo the human desire for control by allowing robots
to independently choose tasks by evaluating heuristics based on workspace dynamics.
[3] Four such methods were developed by Mahadevan et al. [3]: Proactive, Distance,
Gaze, and Proximity. The Proactive technique serves as a baseline where the robot se-
lects nearby objects after completing a task, while Distance uses the physical proximity
of objects to the robot’s base to guide selection. Gaze tracks where the user is looking
to create dynamic territories, with the robot avoiding objects in areas receiving high user
attention. Proximity builds and updates territories based on where users and the robot
interact, assigning objects based on regional activity patterns visualized through a

heatmap.

Mahadevan et al. [3] found in their study that most participants preferred explicit methods
like the voice and fixed techniques, while implicit techniques like proximity and gaze were
generally liked but rarely chosen as their favorite. Explicit techniques gave users more
control but often led to delays and reduced task fluency due to the need for constant
allocation. Implicit techniques supported smoother collaboration and allowed for parallel
work, though they sometimes caused confusion and mistakes, like misidentifying task-
relevant objects. Ultimately, techniques like voice, fixed, and distance struck a balance

between control and efficiency, showing potential for effective multimodal collaboration.

3.4 Multimodality in Robot-to-Human Communication

Most human communication is non-verbal, with gestures, tone, and expressions playing
a larger role than spoken words. [10] Humanoid robots can leverage these non-verbal
and para-verbal cues—Ilike gestures and facial expressions—alongside speech to create

more natural and effective interactions.
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Robots can also use visual cues like light, images, and motion to communicate with peo-
ple, tapping into the human visual channel for clearer messaging. [14] LED lights, for
example, can express emotions or intent through variations in color, brightness, and
rhythm, while image matrices can simulate facial expressions to convey attention and
mood. Many social robots use touchscreens to present text or visuals, though this may
reduce the sense of natural interaction and make the robot feel more like a display device
than an autonomous agent. Despite this, screens remain effective for complex tasks like
letting users select from multiple options or view detailed information. Robots can also
project images onto floors or objects to show their intentions, or even use internal pro-
jection systems, such as animated faces, to create expressive and believable facial
movements. Finally, body movements - though often limited by mechanical design - can
mimic human gestures, enhancing communication and making interactions feel more

natural and engaging.

Donini et al. [10] explored how coordinating a humanoid Pepper robot’s speech with im-
ages and animations on its tablet can boost communication effectiveness, especially
when timed strategically. Three strategies for synchronizing a robot’s speech with multi-
media content were recognized. The first strategy delayed the image display until after
the robot finished speaking, ensuring uninterrupted verbal output. The second strategy
presented images concurrently with spoken words, improving the clarity of word-image
associations. The third strategy used syntactic trees to determine when images appear,
aligning visuals with the grammatical structure of sentences. Images related to a keyword
are shown only after the robot has spoken all the dependent words, ensuring a coherent
flow. If multiple images were linked to interconnected words, they appeared simultane-
ously to preserve their relationship. This method allowed the robot to pause naturally
while maintaining a smooth listener experience, despite breaking the sentence into frag-
ments. Each method offered distinct benefits depending on the desired balance between

clarity, timing, and linguistic coherence.

Two pronunciation strategies accompanied the speech strategies: one included pauses
at each image display for clarity, while the other omitted pauses for fluid speech. [10] To
manage the amount of multimedia shown, one approach displayed all related images,

while another limited the display to the most important words using syntactic hierarchy.
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Image size could also be adjusted based on descriptive modifiers, increasing or decreas-
ing according to adjective strength. Alternatively, a no-modification strategy kept all im-

age sizes consistent, regardless of modifiers.

An online questionnaire was created to evaluate user preferences regarding different
multimodal strategies for robot-to-human communication. [10] Participants were shown
videos simulating Pepper’s tablet display and asked to assess how well various strate-
gies coordinated visual elements with speech. Results showed that the strategy where
images appeared simultaneously with spoken words received the highest ratings. For
sentence pronunciation, users significantly preferred the strategy where the robot
paused while displaying multimedia elements. Regarding the number of images dis-
played, the strategy of showing only the main image slightly outperformed the strategy
of showing all images, though the difference was not statistically significant. Finally, the
dynamic image size strategy, which adjusted image size based on modifiers, was signif-
icantly favoured over the fixed-size alternative, indicating that users appreciated more

responsive visual feedback.
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4. CHALLENGES AND FUTURE APPLICATIONS

4.1 Limitations of Multimodal Systems

Although the sensing modalities in HRI can manage many tasks, they each have specific
limitations like sensor drift, low resolution, and sensitivity to noise, occlusion, or lighting
changes. [8] Multimodal systems help overcome these issues by combining different
modalities to balance out their weaknesses. For example, wearable sensors can offset
the visual challenges caused by lighting or occlusion, while visual input can support au-
dio-based systems in noisy environments. Similarly, merging haptic, visual, and auditory
inputs improves immersion in VR, and combining EEG with vision allows for better pre-

diction of human intention.

Multimodal systems are also limited by the users’ abilities. [1] Human physical and cog-
nitive abilities have their limits, and their information-processing abilities will likely fall
behind what robots can do. From the robots’ standpoint, humans’ actions can be subop-
timal, deviating from rational behavior due to time pressure or cognitive biases, for ex-
ample [4]. Therefore, ideally multimodal systems should align with user preferences, the
context of interaction, and system capabilities. [1] Outputs should be compatible with the
user's input style, whether it is structured commands or natural language. Additionally,
interfaces should adapt to individual needs—such as age, skill level, or impairments—

using personalized settings based on user profiles.

Body language plays a significant role in human communication and can help robots
appear more animated and natural. [14] These movements often mimic human gestures,
although mechanical limitations may cause inconsistencies, leading to the uncanny val-
ley effect. Despite these challenges, bioinspired movements can be incorporated into
non-bioinspired robots to create more recognizable expressions. This approach has
been studied in fields like cartoon animation to improve the naturalness of robotic inter-

action.
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4.2 Grand Challenges in Human-Robot Collaboration

Social robots are increasingly being deployed in privacy-sensitive domains such as
healthcare, workplaces, and domestic environments, where they are expected to collab-
orate with humans on tasks while managing significant amounts of sensory information
[4]. This information may include personal data, video and audio recordings, and bio-
metric measurements. Unfortunately, the current understanding of how robots assess
the sensitivity of such information remains limited, despite its crucial role in building and
maintaining trust in human-robot interactions. Mishandling sensitive data could result in
severe consequences, particularly in domains governed by stringent privacy regulations
such as the General Data Protection Regulation (GDPR) and the Health Insurance Port-
ability and Accountability Act (HIPAA). Two maijor privacy-related challenges for HRT are
personalizing interactions without compromising user privacy and ensuring that robots
consistently comply with domain-specific policies. Addressing these challenges is essen-

tial for the safe, trustworthy, and ethical deployment of robots in real-world settings.

Task allocation in group settings that involve both humans and robots presents another
complex challenge, necessitating the adaptation and extension of existing techniques
[3]. A critical topic for future research is the design of explicit mechanisms to enhance
implicit task allocation, aiming to improve controllability while preserving the benefits of
parallelization. Furthermore, there is a need to investigate how users can effectively com-
municate goal-related information to robots in real-time, as well as to explore how varia-
tions in robot capabilities impact overall task performance. Enhancing the flexibility and
responsiveness of task allocation methods will be pivotal in advancing collaborative hu-

man-robot systems.

Ethical decision-making represents a particularly pressing challenge in human-robot
teaming, especially as robots begin to participate in life-critical scenarios such as emer-
gency response and healthcare [4]. The inherent uncertainty of information in such con-
texts, combined with the difficulty of designing algorithmic frameworks that address eth-
ical considerations, complicates the robots' decision-making processes. Unlike the often-
cited "Trolley Problem," real-world applications require robots to make nuanced and ac-
countable decisions, for instance, in triage care or the distribution of medical supplies.
The ambiguity surrounding ethical and legal responsibility, especially when robots oper-

ate as semi-autonomous or fully autonomous agents, further complicates this landscape.



16

Transparency is paramount to avoid overreliance on robotic systems, as an overly user-
centric design approach risks creating "dark patterns"—interfaces that falsely encourage
trust without sufficient system trustworthiness. Explainable Al (xAl) offers potential path-
ways to bridge this trust gap, yet developing context-appropriate explanations for diverse
stakeholders remains a significant obstacle. In addition, designers must carefully bal-
ance the cognitive load imposed on users by transparency mechanisms, such as deci-

sion trees, against the need for situational awareness and informed decision-making.

Despite substantial progress in multimodal interaction systems, the field faces significant
hurdles before such systems can become ubiquitous and indispensable in everyday
computing [1]. Ongoing research is necessary to advance individual modalities, including
speech recognition, vision-based tracking, and haptic feedback, while also focusing on
the integration of these modalities into cohesive, functional systems. At present, many
systems merely combine two modalities, such as speech and touch, falling short of the
seamless multimodal interactions found in natural human communication. Ambitious re-
search efforts are required to address the complex challenges associated with modality
integration. A particularly important consideration is cognitive load: understanding how
multiple modalities simultaneously influence user engagement, attention, and decision-
making is critical for developing effective systems. Interface designers must also over-
come practical challenges in creating, testing, and refining multimodal systems, under-
scoring the need for comprehensive design frameworks and evidence-based best prac-
tices. In the realm of computer vision, ensuring real-time robustness for tasks such as
gesture recognition and facial expression analysis remains crucial for the success of
multimodal systems. Moreover, privacy concerns must be proactively addressed
throughout the development lifecycle to sustain user trust. Ultimately, the pursuit of effi-
cient, intuitive, and secure multimodal interfaces represents a dynamic and exciting fron-

tier in HRI research.

4.3 Emerging Trends and Technologies

The rise of remote work and learning has underscored the need for effective remote HRI,
with XR technologies increasingly bridging the gap between virtual and physical commu-
nication. [8] While much current research has concentrated on improving visual immer-

sion through virtual and augmented reality, achieving truly immersive remote HRI also
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necessitates the inclusion of realistic haptic feedback, such as vibrations and force sen-
sations. Although devices like haptic gloves already offer these capabilities, thermal
feedback—an essential component of touch—remains significantly underexplored. Fu-
ture research may seek to integrate vibration, force, and temperature cues into unified
systems, thereby providing richer and more natural sensory experiences, albeit with sub-

stantial technical challenges to overcome.

Simultaneously, there is a growing recognition that natural HRI should ideally resemble
human conversation, avoiding reliance on preset scripts or predefined gesture sets. [8]
Nevertheless, many existing systems remain dependent on fixed gesture datasets,
thereby constraining interactions to previously trained inputs and overlooking the inher-
ently context-dependent and variable nature of human gestures. Recent developments,
such as the application of deep reinforcement learning, have begun to address this limi-
tation, enabling systems to interpret unfamiliar gestures without reliance on static da-
tasets. Looking ahead, non-scripted HRI is expected to evolve across multiple modali-
ties, accelerated by the emergence of LLMs such as ChatGPT, which are advancing the

flexibility and intuitiveness of Al-based interactions.

The integration of LLMs into HRI is particularly promising in the context of smart manu-
facturing, where the focus is shifting toward the development of robots endowed with
embodied action intelligence. [8] To date, perception and cognition have received the
majority of research attention, whereas the combination of LLMs with multimodal capa-
bilities to enable purposeful robotic actions remains relatively underdeveloped. This gap
is largely attributable to the inherent complexity of enabling precise and adaptive robotic
movements, which require advanced control systems and robust mechanical platforms.
Nonetheless, companies such as Boston Dynamics and Tesla, through platforms like
Atlas and Optimus, have demonstrated significant progress in robotic manipulation and
mobility. These advancements underscore the potential of action-intelligent robots in in-
dustrial settings, positioning embodied intelligence as a critical domain for future HRI

research.

Alongside physical embodiment, proactive HRC emphasizes cognitive intelligence,
whereby robots autonomously understand task goals and assist humans through adap-
tive, context-aware interaction. [8] Proactive robots predict activities, resolve ambiguities,

and navigate unfamiliar environments through autonomic learning, leveraging sensory
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data rather than relying solely on pre-collected training datasets. Although research in
this area remains relatively limited, notable advancements have been achieved; for in-
stance, a robot capable of learning to play Jenga through visual and tactile exploration.
Proactive HRC and self-directed learning thus represent highly promising trajectories for

future technological development.

Expanding beyond ground-based platforms, unmanned aerial vehicles (UAVs), or
drones, offer a range of capabilities that can enhance logistics, safety monitoring, and
aerial data analysis. [8] Concepts such as drone swarms and aerial 3D printing have
showcased the vast potential of UAVs in various domains. However, integrating drones
into HRI systems presents unique challenges, primarily related to flight safety and the
need for novel interaction paradigms distinct from those used with terrestrial robots. Fu-
ture research should prioritize the development of UAVs explicitly designed for HRI, po-
tentially incorporating features such as simple manipulators for task execution. Despite
the technical hurdles involved, UAVs hold significant promise for revolutionizing indus-

trial and collaborative applications through new forms of human-robot interaction.

A critical aspect of advancing HRI lies in better reflecting the multimodal nature of human
communication. In natural settings, humans fluidly switch between speech, gestures,
and touch depending on context; however, current HRI research typically focuses on
isolated modality-task pairs. [8] This narrow scope constrains system adaptability and
fails to mirror the complexity of real human interaction. Future systems should strive to
dynamically integrate multiple communication modes based on situational demands. In
this regard, multimodal LLMs such as GPT-4 [11], CoDi [12], and IMAGEBIND [13] offer
promising advancements by enabling alignment across diverse input and output modal-
ities. Their application to industrial robots could facilitate multi-tasking capabilities, mark-
ing a significant advancement toward artificial general intelligence (AGl) in industrial en-

vironments [8].

In parallel, there is increasing academic interest in understanding how human emotions
influence HRI. [8] Much of this research leverages facial affect analysis to interpret emo-
tional states, with the goal of assessing mental and physical well-being through emo-
tional cues. Incorporating emotional understanding into HRI could enhance safety, user

experience, and overall collaboration effectiveness.
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The importance of emotional and social intelligence becomes even more pronounced in
the context of HRT, particularly in applications requiring nuanced social interactions. A
robot receptionist, for instance, must effectively interpret facial expressions, maintain eye
contact, and present an appropriate appearance to facilitate positive engagements. [4]
In multi-human, multi-robot collaborative settings, robots have to comprehend complex
social dynamics to operate effectively, underscoring the need for greater sociability.
While much research to date has focused on social navigation, this approach oversim-
plifies the intricate nature of human social behavior. Future research must therefore aim
to develop robots capable of nuanced, context-sensitive social reasoning, including the
appropriate timing, manner, and target for seeking assistance. Inappropriate interrup-
tions by robots can negatively impact task performance and reduce humans’ willingness
to engage in future collaborations, further emphasizing the necessity for socially aware

robotics.

As HRI technologies become more sophisticated, there is a growing need for objective
evaluation frameworks. Robot benchmarking refers to the objective assessment of a ro-
botic system or subsystem under controlled, reproducible conditions. [14] This process
involves defining specific performance metrics and interpretation criteria aligned with
predetermined objectives. Although benchmarking is well established in general robot-
ics, its application within the HRI domain is still emerging. As HRI technologies increas-
ingly move toward commercial deployment, robust benchmarking frameworks will be es-
sential for certifying performance, safety, and value, ensuring that systems meet the ex-

pectations of potential adopters in industry and beyond.

Finally, as technological advancements continue, HRC is becoming increasingly feasi-
ble, supported by xAl that enhances communication, shared mental models, ethical de-
cision-making, and safety. [4] Personalized algorithms capable of modeling human be-
havior can foster long-term interactions and improve acceptance of robots. Benchmark-
ing and the establishment of evaluation metrics will be crucial for assessing these capa-
bilities. Nevertheless, challenges remain, including preserving user privacy, scaling sys-
tems to larger teams, and ensuring social compatibility. HRT holds significant transform-
ative potential across diverse fields: in manufacturing, it can drive efficiency and safety
improvements; in the healthcare sector, assistive robots can alleviate worker burdens by

aiding them in taking care of the patients; and in transportation, it can enhance advanced
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driver-assistance systems. These trends collectively suggest a future in which HRC be-

comes an integral part of numerous industrial and societal domains.
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5. CONCLUSIONS

This thesis examined the foundations, techniques, applications, and future directions of
multimodal HRC. Through the literature review, it became clear that integrating multiple
communication modalities—such as speech, vision, gestures, haptics, and physiological
sensing—can significantly enhance the naturalness, effectiveness and adaptability of
HRI.

Historically, human-computer interaction began with unimodal systems, which were lim-
ited in their ability to mirror natural human communication. Early breakthroughs, such as
the “Put That There” system, demonstrated the potential of combining modalities like
speech and gestures to reduce ambiguity and improve command clarity [1]. Since then,
research has steadily advanced, introducing new modalities and developing better meth-
ods for integrating them. Today, multimodal collaboration is seen as essential for ena-
bling robots to operate smoothly and intuitively alongside humans in dynamic, real-world

environments.

The combination of modalities not only strengthens communication but also enables
more effective task allocation. [3] Both explicit and implicit allocation methods offer dis-
tinct advantages, with explicit methods giving users more control and implicit methods
supporting fluid, parallel work. Similarly, the use of multimodal strategies for robot-to-
human communication—such as coordinating speech with visual or gestural cues—has

been shown to significantly improve clarity and user satisfaction.

However, several challenges remain. Technological limitations, system robustness, cog-
nitive load, ethical decision-making, and privacy concerns all pose significant barriers to
the widespread adoption of multimodal systems. [1] While individual modalities like
speech recognition, vision-based tracking, and haptic feedback have improved, true
seamless integration is still difficult to achieve. Addressing these challenges will require
not only technical innovation but also a deep understanding of human factors, social

expectations, and ethical frameworks.
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Looking ahead, emerging trends are opening new possibilities. LLMs, proactive collabo-
ration, embodied intelligence, and emotionally aware robots represent some of the most
promising areas for future development. [8] Innovations in multimodal fusion, haptic tech-
nologies, and extended reality are also likely to shape how humans and robots collabo-

rate in increasingly sophisticated ways.

Reflecting on this work, | believe that multimodal human-robot collaboration is not just a
technical challenge, but also a deeply human one. As populations age and labor markets
shift, there will be growing opportunities—and necessities—for robots to assist humans
across a wide range of tasks. For this collaboration to be successful, robots must be
designed to successfully respond to human behavior in ways that are more trustworthy,
natural, and supportive. Ultimately, the goal should not be to replace human abilities, but

to complement and extend them instead.

Although multimodal systems are still evolving, the foundation for achieving seamless
human-robot teaming has already been laid. With continued research, interdisciplinary
collaboration, and a strong focus on human-centered design, the vision of robots as nat-

ural and reliable teammates in everyday life seems increasingly attainable.
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