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ABSTRACT Human-Al collaboration has evolved into a complex, multidimensional paradigm shaped
by research in various domains. Key areas such as human-in-the-loop systems, Interactive Machine
Learning (IML), Hybrid Intelligence, and Human-Agent Interaction have significantly contributed to this
development. However, these fields often lack cohesion, underscoring the need for a cohesive perspective
to advance. This work addresses this gap by integrating insights from diverse aspects of collaboration to
present a holistic approach to fostering effective and adaptive interactions between humans and artificial
agents. It emphasizes empowering end-users with greater control and involvement in decision-making
processes, thereby enhancing both the levels of interactivity and adaptability within intelligent systems.
Moving beyond a focus on Al training techniques, this paper presents a broader perspective on incorporating
human input into Al decision-making and learning processes, highlighting the importance of flexibility in
systems and user engagement. The manuscript proposes a framework encompassing five levels of human
integration and examines their relationship with core collaboration aspects, including the system purpose,
participant expertise, and system proactivity. By synthesizing current knowledge on human-Al collaboration
and outlining essential design principles, this work aims to advance the field and foster interdisciplinary
collaboration among researchers, practitioners, and designers.

INDEX TERMS Hybrid intelligence, human-Al collaboration, human-robot collaboration, human—machine
collaboration, human-in-the-loop, interactive machine learning, human—-machine symbiosis, human-centred
Al

I. INTRODUCTION

Technology has rapidly evolved to become an integral
component of contemporary life, progressively incorporating
humans into its decision-making processes and actively
integrating them within the technological framework [1], [2],
[3]. The rising emphasis on human-centered technology has
been a significant driver behind the advancements in AI’s
learning and reasoning capabilities.

The associate editor coordinating the review of this manuscript and

approving it for publication was Zijian Zhang

Understanding this technological evolution requires a
thorough examination of how technological systems have
adapted to facilitate human involvement in decision-making
processes. This transformation likely began with the develop-
ment of the Ubiquitous Computing paradigm, which ignited
the desire for greater technological adaptability and connec-
tivity [4]. As these technologies became more widespread,
the concept of Smart Environments emerged, designed to
enhance our surroundings without demanding active human
engagement [5], [6]. Building on this foundation, Ambient
Intelligence (Aml) and Intelligent Environments (IE) further
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advanced the principle of user-centric technology, prioritizing
interactive and responsive environments [7], [8]. In more
recent developments, the concept of the Internet of People
(IoP) has shifted its focus towards recognizing users as
active contributors within technological ecosystems, rather
than passive recipients of data-driven services [2], [9]. These
evolving fields collectively illustrate that technology has been
continuously advancing to meet users’ increasing demand
for a more immersive and integrated relationship with
technology, positioning them in a central and participatory
role.

The progression of technology has significantly influenced
the concept of collaboration across multiple disciplines
over the years [10], [11]. In this context, collaboration is
defined as joint interactions between technology and its
users aimed at achieving a specific outcome. This notion of
collaboration has evolved, taking on various terminologies
and attributes depending on the particular field of study.
This variation has led to a fragmentation of the concept
across different domains, with each area focusing on unique
dimensions of collaborative processes [12], [13], [14], [15].
Such fragmentation has contributed to a lack of coherence
in the literature, creating obstacles to developing a unified
understanding of the different types of collaboration, their
requirements, and the nuances in integrating users into the
decision-making process.

This paper aims to bridge these diverse viewpoints by pre-
senting a unified framework that facilitates the development
of human-Al collaborative technologies based on a holistic
understanding of the types and requirements of collaboration.
It strives to synthesize insights from various research areas
to establish a balanced, productive, and sustainable model of
collaboration between humans and artificial intelligence (AI).
The core contributions of this paper include:

o A comprehensive overview of Al techniques and
subfields that are instrumental in creating interactive
technologies.

« A refined classification system categorizing five groups
of human-Al collaboration, providing a structured guide
to understanding the different types of collaboration
and their distinctive features. This system is organized
around key aspects of collaboration, such as the
degree of human involvement, level of interaction, and
collaboration type.

« Design principles for developing future human-centered
collaborative technologies. These principles aim to
expand the narrow focus of existing research by foster-
ing a broader approach that enhances the comprehension
of human needs within collaborative systems.

The remainder of this paper is organized as follows.
Section II highlights several research areas related to human-
Al collaboration to illustrate the necessity of developing a
shared perspective on this concept. Section III describes the
Methodology employed for the literature review. Section IV
explains the techniques to develop an interactive approach
between users and intelligent systems. Section V presents

29376

the five clusters obtained based on the main characteristics
of collaboration. Section VI describes the essential design
principles users need for a long-lasting collaboration. Sec-
tions VII discuss the necessity to integrate human beings’
opinions and knowledge in the design phase of future
intelligent systems. Finally, in Section VIII the conclusions
of this work are presented.

Il. A MULTIFACETED OVERVIEW OF THE
COLLABORATION

Generally, collaboration is understood as two or more
entities working together, sharing responsibility for solving
problems, and actively interacting to achieve a common
goal [16]. The primary purpose of collaboration is to leverage
the strengths of each entity to compensate for the limitations
of others, enabling achievements beyond what each could
accomplish independently [12], [14], [17], [18]. However,
this definition can vary significantly depending on the
specific research domain. This section explores the benefits
and challenges of collaboration and examines the different
perspectives that this concept encompasses across various
fields.

Artificial Intelligence (AI) has demonstrated remarkable
computational capabilities, excelling in tasks that involve
recognizing patterns, handling unforeseen scenarios, and
adapting to diverse conditions using advanced techniques like
zero-shot learning and pre-training models [19], [20], [21].
These capabilities enable Al to identify complex patterns
in large datasets and process information at speeds that far
exceed human abilities, all while remaining unaffected by
factors such as stress, motivation, or fatigue [22].

However, despite its strengths, AI’s performance is heavily
dependent on the quality of its training data. Inaccuracies or
biases in this data can lead to flawed outcomes, particularly in
sensitive areas such as race, gender, ethics, and politics [20],
[23]. Furthermore, Al often lacks a deep understanding
of language and context, which can result in misinterpre-
tations that undermine the accuracy of decision-making
processes [20]. In contrast, humans inherently possess
contextual awareness and ethical reasoning, allowing them to
navigate ambiguities and make more nuanced decisions than
the machines [24].

While the potential for collaboration between humans
and Al is substantial due to their complementary strengths,
several significant challenges must be addressed to ensure
its success. For effective collaboration, both Al systems
and human participants need to understand each other’s
roles, integrate each other’s capabilities into their strategies,
and communicate clearly to avoid misunderstandings [25].
Technical barriers also emerge from the fundamentally
different ways humans and Al process information, which
can create obstacles to seamless communication [25],
[26]. Additionally, the complexity and opacity of many
Al models—often referred to as black-box systems—pose
challenges in terms of transparency, trust, and acceptance
within collaborative environments [27], [28]. Nevertheless,
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fostering collaboration between humans and Al remains one
of the most promising pathways for enhancing the capabilities
of both entities.

This approach, despite its inherent challenges, offers
considerable advantages by leveraging the unique capabilities
of both humans and Al technologies. A major issue, however,
lies in achieving a unified understanding of the diverse
research fields that apply the concept of collaboration, espe-
cially in pinpointing the specific attributes that characterize
collaboration within each field:

o Human-in-the-loop (HiTL): Focuses on a human-
centered approach to collaboration by directly involv-
ing individuals in AI systems’ decision-making pro-
cesses [29], [30], [31].

o Interactive Machine Learning (IML): Highlights the
importance of creating interactive communication chan-
nels between users and Al models, emphasizing user
engagement throughout various stages of Al develop-
ment [32].

o Human-Robot Collaboration: Centers on developing
robots designed to work collaboratively with humans in
physical spaces to achieve common objectives [33].

o Collaborative Interactive Learning (CIL): Aims to
create intelligent systems that seamlessly assist humans
in everyday tasks through continuous interaction and
learning [13], [34].

o Human-Agent Symbiosis: Inspired by biological sym-
biosis, this concept emphasizes the mutual benefits
arising from the dynamic interaction between humans
and Al systems [35], [36].

o Human-Computer Interaction: Seeks to optimize the
design of intuitive and efficient interaction methods
between users and autonomous systems [37], [38].

o Collective Hybrid Intelligence: Advocates the notion
that true intelligence emerges from the sustained col-
laboration and co-learning between human and machine
counterparts [39].

o Cyber-Physical-Human Systems (CPHSs): Focuses on
the seamless integration of digital, physical, and human
components to facilitate efficient information exchange
and task execution [40].

o Hybrid Intelligence Systems: Examines socio-technical
frameworks that synergize human and Al capabilities
to address complex problems through collaborative
efforts [39], [41], [42].

o Artificial Intelligence Generative Content (AIGC):
Involves Al systems that generate creative outputs like
text, images, or music in a process that promotes
collaborative learning and user involvement [19], [20],
[43], [44].

o Human-Al team: Suggests that humans and Al function
not as separate entities but as integrated parts of a
cohesive team, working symbiotically towards shared
goals [45], [46].

Each of these research fields embodies unique character-

istics and focuses on specific facets of human-technology
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interaction. To develop a comprehensive understanding of
the various forms of collaboration, this paper will analyze
the degrees of human involvement within these collaborative
approaches and identify the key design principles necessary
for enabling effective human participation.

Scholarly research databases

Scopus, Google Scholar and IEEE Xplorer

Initial Research keywords

« Interactive Machine Learning (IML)
« Human-Agent Collaboration

» Human-Robot Collaboration

« Human-Agent Interaction

« Human-Robot Interaction

« Human-in-the-loop (HiTL)
« Collective Intelligence

« Human-Al Coordination

« Human-Agent team

* Human-Al Team

« Hybrid Intelligence

« Al-generated Content

« Computer-in-the-Loop
« Human-in-the-loop (HIiTL)

Selected Papers

n=>513

Rejected
n =239

Final Selection
n=274

|

Design Principles

4 N

Increase the research (keywords)

Human-Al Collaboration Cluster

« Trust in human-agent collaboration
« Co-adaptation

« Conversational collaboration

+ Human-agent communication

« Feedback in the human-agent collaboration
« Mutual adaption
« Involvement of human and artificial

Collaboration Levels

intelligence

* Humans as an external tool in the « Co-learning

collaboration \- Engaged in human-agent collaboration /

« Humans-Al Consensus
* Human-Al asynchronous collaboration

+ Human-Ai collaboration making changes

Final Selection
n=89

at the same time in the environment

* Humans replacing the artificial reasoner of Design principles

the system
« Adaptation & Personalization,

« Engagement,
« Trust & Explicability,
+ Communication & Feedback

FIGURE 1. The methodology employed for the literature review that
resulted in the Sections V and VI.

lll. METHODOLOGY

The methodology employed in this academic paper involved
a comprehensive exploration of the current landscape of
human-AlI collaboration and its related fields, as illustrated
in Figure 1. This study followed a systematic review
approach, drawing information from primary scholarly
research databases, including Google Scholar, Scopus, and
IEEE Xplore.

To gather relevant literature, the databases were queried
using a combination of targeted keywords, such as Inter-
active Machine Learning (IML), Human-Agent Collabo-
ration, Human-Robot Collaboration, Human-Agent Inter-
action, Human-Robot Interaction, Computer-in-the-Loop,
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Human-in-the-Loop (HiTL), Collective Intelligence, Human-
Al Coordination, Human-Agent Team, Human-AIl Team,
Hybrid Intelligence, and Al-generated Content. Articles
containing these keywords in the title, abstract, or keywords
were initially selected.

Following the initial selection, a rigorous screening process
was conducted. The abstracts of relevant articles were
meticulously evaluated to identify works closely aligned with
our research objectives. This approach ensured that only
studies involving user participation as active component were
considered. Additionally, the most important references from
key papers were reviewed using the Snowballing method,
applying the same exclusion criteria as described.

The selected works provided two key insights: the classi-
fication of Human-AI Collaboration and the formulation of
Collaborative Design Principles. For the Human-AI Collabo-
ration classification, we specifically focused on studies where
collaboration involved humans as active participants, rather
than merely passive data collectors. To capture the full range
of collaborative possibilities, we selected various types of
collaboration that illustrate the diverse nature of this concept
and its applicability across different contexts, aiming to create
a comprehensive cluster of collaboration models.

For the development of collaborative design principles,
an extensive investigation was conducted using additional
keywords such as trust, engagement, communication, feed-
back, and explicability. This phase involved synthesizing
insights from various sources to formulate design guidelines
that facilitate effective human-Al interaction. By combining
these findings with the outcomes of the screening process,
we were able to build a robust framework for designing
human-AI collaboration systems.

This methodology encompasses a comprehensive classifi-
cation of collaboration levels informed by the selected works
and a set of collaborative design principles. This study aims
to provide a thorough understanding of the current state of
human-AI collaboration, laying the foundation for future
advancements in this dynamic field.

IV. INTERACTIVE TECHNIQUES FOR COLLABORATION
This section provides a concise introduction to collaborative
and interactive techniques, acknowledging the current gap
in a comprehensive and systematic review of interactive
collaboration methods and Al training techniques. To address
this gap, the section explores Interactive Machine Learning
and its subfields, including Active Learning and Rein-
forcement Learning. Additionally, the discussion extends
to the domain of Artificial Intelligence-Generated Content,
reflecting the growing significance and popularity of this
emerging approach.

A. INTERACTIVE MACHINE LEARNING

As has been introduced, the evolution of future smart
environments and systems is accelerated by technological
breakthroughs, resulting in an eventual tighter interaction
with users. The next step of this process is to create
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interactive solutions that collaborate with people to build
dynamic places and solutions in cooperation. To achieve
this collaboration, the end-users role must be empowered
by giving them an active role and increased control (power
decision) over intelligent systems, creating more interactive
spaces and services [47]. Nevertheless, traditional systems
based on Al and ML techniques (also called automatic
ML systems or aML) are not conceived with this vision
in mind. They are designed to automatically learn from
data and produce outcomes, resolving problems without
human intervention. In such scenarios, the initial strategy
for building some collaboration was relegated to allowing
humans to alter a predefined parameter of an aML algorithm
to improve its performance [48]. As aML techniques are still
extensively employed, they relegate human interaction to be
extremely limited and concrete, preventing the integration
of humans into the systems and long-lasting interaction and
collaboration. For this reason, the concept of Interactive
Machine Learning (IML) emerges as an alternative to this
classical approach and, in particular, in evolving scenarios
where users can actively collaborate, providing its capacity
for flexible and rapid adaptation to new circumstances in
new emerging smart solutions. That is to say, IML models
are designed to integrate human input into the ML solutions
interactively, steering the supervised Learning process of
the model in different stages [49]. Thus, through these
techniques, the system can incorporate human expertise into
account and exploit their strengths, together with ethical,
legal, and societal human considerations [14].

To better understand IML’s role play, it is important to
know its evolution and the aspects that have led it to its
current perception. To begin with, the idea of IML was
initially approached by Ware et al. [50]. In their work,
they presented a graphical concept to ML with explicit
representations of data in which experts could participate
in defining decision boundaries to improve the construction
of ML classifiers by incorporating human input. In the
same line, later, Fails and Olsen introduced a more mature
representation of the concept of IML and its comparison
against classical ML approaches [51]. They explored the
convenience of interactive approaches to guide the training
of a classifier until the desired results are met, leveraging the
capabilities of a domain expert during the learning process.
In this line, Smith et al., [52] studied this collaboration from
a two-fold perspective.

On the one hand, it addresses how systems can learn inter-
actively from non-ML experts and, on the other hand, how
appropriate tools can also enrich non-experts’ experience to
guide them in the process. This involves those approaches
that take advantage of human agents (i.e., domain experts)
to create improved models and solutions that can optimize
their learning behaviour based on human knowledge and
experience [53], [54], [55]. Indeed, taking this ML model-
building procedure repeatedly with end-user input, other
authors settled on more participatory approaches and started
taking advantage of human knowledge and, more specifically,
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non-ML experts to build and improve ML solutions [56].
For that, visual exploratory tools [55], [57], [58], [59], data
analysis and interactive exploration approaches have been
used to improve ML models [60], [61].

Considering the relevant role that humans may take in
the ML process and the benefit of this collaboration, Jiang
et al. [62] presented a task-oriented taxonomy with nine
categories to determine the most prominent application
fields of IML. Their work identifies two main phases of
typical IML workflow: model preparation and the continuous
improvement of deployed models. To begin with, model
preparation is related to the training process. It encompasses
those actions in which the user can examine the intermediate
outcomes of the model and the data graphically. That is,
to gain understanding and insights into the data and the
model, and then provide feedback to the model, e.g. providing
training parameters or contributing to the examination of
model outputs [63]. This training process involves users in
assessing model results and making adjustments. To continue
in the second phase, when continuous model improvement
is envisaged, the model is gradually modified by including
feedback from humans, e.g., giving continuous feedback to
the model about its performance or providing new sources
of truth to refine it after training continuously. These ideas
and works founded a new and more explicit definition
of IML that Dudley et al. [64] present: “an interaction
paradigm in which a user or user group iterative builds and
refines a mathematical model to describe a concept through
iterative cycles of input and review.”. Taking as guidelines the
previous statements, IML solutions should also be a driver to
promote this human-AlI collaboration in different phases of
the model design, creating long-lasting interactions to make
ML algorithms more useful, accessible and usable for every
particular individual [65].

Under this definition, applications as varied as predictive
maintenance [66], the design of smart spaces [67], the
analysis of insurance claims [68], sentient analysis [69] have
emerged with this collaboration in mind in domains such as
healthcare [53], education [70] or cyber-security [71], among
others. All these examples have demonstrated that they can
benefit from IML approaches by optimizing their learning
behaviour through these interactions. One very illustrative
example of this interactive paradigm for incorporating such
non-experts’ knowledge in ML models is healthcare [72].
In such domains, some challenges like the uncertainty
of the clinical diagnosis or the lack of quality data, the
identification of rare events are hard to solve with fully
automated approaches without human intervention [73], [74].
For example, human expertise can be utilized to select
samples heuristically, reducing the exponential search space
and integrating human knowledge into machine intelligence
to discover novel, previously unknown insights into data [60],
[75]. Given this relevance, Sun et al. studied users’ role in
better understanding the available data by a system called
label-and-learn, designed to help people without machine
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learning expertise understand the classifier’s behaviour in
labelling tasks [76]. At the same time, Yang et al. investigated
how non-experts could build ML solutions for themselves in
real life [56]. Nevertheless, it is recognized that a human-
centred design is crucial for creating new technology [77].

Thus, as relevant as it is to understand how to build
better models, it is to evaluate the human-centred perspective
of ML [78] and how to frame this interaction [79]. For
this reason, Mccallum et al. evaluated how users could be
supported to contribute to the model [80]. In their work, they
examined the use case of a system in which a user-driven
feature representation for new ML problems needed to be
assessed. The conducted evaluation demonstrates that users’
have a low perception of their actions. This idea directly
connects to improving the interaction between human agents
and learning models to make ML more accessible for partici-
pants, enabling humans to efficiently and effectively interact
with the system [81]. In parallel, the relevance of integrating
explanations into interactive ML models to develop a robust
and bi-directional communication channel between human
stakeholders and machine learning models has also been a
matter of study by the literature [32]. This way, understanding
the machine’s behaviour through explanations can provide
better-informed feedback that is advantageous to all parties
involved. That is, better mechanisms are needed to examine
the impact of their actions and outcomes, as understanding
ML models and interpreting their behaviours is crucial for
user interaction in IML applications.

In light of this, users’ participation has also been addressed
from a Human-Computer Interaction (HCI) standpoint that
seeks to facilitate the iterative design, improvement, and
dissemination process of learning systems [82]. Considering
this, Vishwarupe et al. [83] analyzed the challenges of getting
a robust, transparent, ethical, intelligent and interactive
mechanism for the co-existence of Al and HCI system
that may be the basis of this collaboration. In this work,
accessibility and user-friendliness are identified among the
cornerstone aspects of a user-centred design process that
can help develop a new paradigm for advancing technology,
including a more seamless collaboration. At the same time,
explainability, usability, or transparency are identified areas
of improvement for IML systems [84]. Thus, the IML process
should be characterized by the user being the primary driver
of an interactive bi-directional process to achieve desired
system behaviour [85]. For instance, providing the user
control over the system’s high-level behaviour aligns with
the idea of empowering users in collaboration with intelligent
systems [86].

To do so, Inkpen et al. [87] examined how to integrate
artificial and human intelligence in decision-making better,
addressing the different human roles and relationships in
human-AI systems. Similarly, the reliability of the user pro-
viding new data to the interactive model was also studied by
Tegen et al., [88] and by Amershi et al., [86], which concluded
that further evaluation of novel interaction methods is needed
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to determine whether the user influence over the model does
or not result in better systems. To facilitate those applications,
IML can also involve the design of intelligent user interface
(IUI) frameworks that drive this interaction, increasing its
accessibility [64].

However, we should not limit humans’ role to the model’s
creation and definition. For instance, in classification tasks,
IML approaches may propose end-users collaborate with the
learning system, adapting and customizing systems by tuning
them according to their preferences, validating its outcomes
or even feeding it with more data [89]. One case of the last
example is customizing Human Activity Recognition (HAR)
models with user-dependent data once the model is already
in use. This partnership aims to enhance the categorization
of human motions and behaviors by combining embodied
and non-embodied sensory data [90]. Traditionally, Al and
ML systems start with a basic model trained on general data.
However, these models may not be enough to generalize when
classifying new data acquired in real contexts. Furthermore,
it may also not be acceptable for new users whose data
has never been viewed before [91]. Consequently, this base
model may not perform well considering the particularities
of the end-user. For instance, when a left-handed person
uses a model trained on data from right-handed people,
it may perform poorly. This would result in a bad user
experience for the end-user, who sees that the system cannot
recognize their movements accurately. When HAR solutions
fail or can not classify users’ behaviors, users may become
frustrated, leading to future disengagement or discomfort
with Al models and intelligent solutions [92], [93]. This
emphasizes the need for considering each person’s unique
circumstances and data when creating intelligent systems
dedicated to monitoring users’ activities and behaviors, as the
accuracy of the same intelligent system is perceived very
differently by each user depending on their expectations [94].
Thus, their expertise and willingness to interact with the
system for model calibration and customization can be useful
to improve the system’s accuracy, and this collaboration
involving the user in assisting the learning system could
imply improving its detection skills over time [95].

In essence, the described works demonstrate interaction’s
relevance in improving ML models, either during their
conception or by improving their performance later on.
Specifically, this encompasses both the user’s role in
creating and defining the model and iterative interactions
with learning systems over time [96]. These interactive
paradigms are revolutionizing collaboration by permitting
unrestricted interaction between contributors and a more
sustainable approach that generates superior results. When
it comes to the application of this interaction, Active
learning (AL) [30] and Reinforcement Learning (RL), also
named Interactive reinforcement learning [97], are the most
popular interactive learning approaches devised to facilitate
performance improvement in ML models with the help of
human knowledge. Accordingly, in the following, we will
describe them to give an overview of how these approaches
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might be utilized to promote collaboration. In addition,
we must not forget that these techniques can be employed
without humans. However, as this work focuses on human-
Al collaboration, we exclusively focus on those that involve
humans and agents in the system.

1) ACTIVE LEARNING

Active learning (AL) is a sub-field of machine learning
in which the model can query a user or other source of
information, called an oracle, to label new data points in
order to improve model performance, as shown in Figure 2
[55], [98], [99], [100]. The points to label are selected using
different strategies that follow some heuristics to improve
the model’s performance by using the minimum number of
queries possible. In this article, we will focus on the human
labelling of the data; thus, we have to consider the saturation
of the user if the proposed model is constantly asking them to
label data.

The strategies used in AL can be divided into three
types following the division proposed by [101]: pool-based,
stream-based or membership query-synthesis based. Pool-
based strategies are used when the proposed problem contains
a pool of unlabelled data from which points are extracted and
labelled if they fall within the requirements of the proposed
strategy. Subsequently, the set of labelled instances is used
to train the model and check if it has reached a performance
threshold set by the user. In stream-based tasks, unlike pool
ones, the data comes through a stream, and the proposed
strategy decides whether to annotate the received point or
move on to the next point coming through the stream. Finally,
in membership query-synthesis based tasks, the model should
be able to the whole data distribution. For example, the most
important strategy in these tasks is uncertainty sampling,
which selects the instance with the highest entropy or the one
the model is most uncertain about.

Researchers in the area have conducted a prolific inves-
tigation into the strategies used to select the next data
point to label depending on the needs of the task proposed.
In the following, we will explain common strategies used to
decide which data will be labelled from the pool following
the classification proposed by [101]. These are the main
strategies for classification or regression problems when
using AL:

o Uncertainty Sampling [102]: This is one of the most
common sampling strategies. The data are selected
considering which are the least certain when evaluating
them with the classification function proposed for the
problem. The data with the least certainty are selected
because they provide the most information to the model;
however, the data with the most certainty are treated as
redundant data that do not provide information.

o Query by committee [103]: For this strategy, different
models are presented that evaluate the data and decide
the following data to be labelled by looking at which one
creates the highest disagreement between the different
models. For this method to work most effectively, each
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FIGURE 2. A depiction of active learning process from data retrieving,
labelling and feeding to the learning model.

of the models in the committee has to represent a part of
the space that all the data samples represent.

e SVM-Based [104]: The SVM-based strategy uses this
algorithm to search for the points closest to the decision
boundary. By labelling these points, the classification
boundary can be defined more precisely.

o Density-Based [105]: This strategy seeks to label the
data that is in an area of high data density as it is
believed that areas of high data density have high data
representation. To do this, the distance of all unlabelled
data to each other is calculated and given a distance
score. The datum with the lowest distance to each other
will be scored next.

o Variance reduction [106]: The variance-reduction strat-
egy makes use of statistics to calculate which instances
of the data will most reduce the final model error and
choose them to be annotated by the oracle. This strategy
is used for classification or regression problems with
AL.

o Maximizing Expected Model Change [107]: This strat-
egy, based on a stochastic gradient, selects the points
that it estimates to generate the maximum change in the
current model parameters.

Apart from these strategies, which are some of the most
widely used, the scientific community has created more
to adapt the proposed solutions to the tasks that have
arisen [101]. Some of them are:

o Diversity-Based [108]: In this strategy, labellers choose
multiple unlabeled samples for simultaneous labelling.
Labelling multiple instances at once using consistent cri-
teria reduces redundancy within the dataset, enhancing
the efficiency of the learning process.

o Probabilistic Active Learning (PAL) [109]: This strategy
operates on the premise that if two instances share
close proximity in the feature space, their labels are
likely to be similar. Therefore, the instances considered
most interesting are those that have a significant
impact on the classification performance. To assess
this, a probabilistic estimate is employed to examine
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the neighbourhood information of a candidate instance
and measure the overall improvement in classification
performance.

In addition, in recent years, meta-active learning (meta-
AL) strategies have been developed and have gained
popularity. As stated by [110], these strategies are intended
to replace traditional ones by selecting the optimal set of
unlabeled items for labelling [99], [111]. These can involve
developing algorithms that dynamically adjust their querying
strategies based on the characteristics of the current dataset
or creating methods to combine different active learning
strategies for optimal performance across diverse scenarios.

Nowadays, a popular meta-active learning strategy is based
on formulating the AL problem in the reinforcement learning
framework, where the query strategy is expressed as a policy
to be learned by reinforcement learning [112]. For example,
Fang et al. described the active learning scenario as a Markov
decision process by considering a state as an unlabeled
sample and the action as whether a label is required [113].
Thus, the optimal policy, or query strategy in the case of
AL, was learned by setting the parameters of the prediction
model. Woodward et al. used deep reinforcement learning
with Long Short-Term Memory (LSTM) to design a function
that determines if a data point label needs to be queried for
stream-based active learning [114].

Meta-active learning, a subset of the broader meta-learning
research field, represents an emerging frontier in machine
learning [115], [116]. We briefly explain it here to provide
readers with insight into creating Al reasoners in the AL
problem. However, our primary focus in this work is on the
interaction and integration of users within the AI’s learning
and decision-making processes. As a result, we will not delve
deeply into this area within the scope of this work. If you
are interested, further exploration can be found in upcoming
surveys [115], [116], [117], [118], [119], [120], [121].

2) REINFORCEMENT LEARNING

Reinforcement learning (RL) is a technique based on learning
from experience to achieve a goal through a series of
discrete time steps of interaction with its environment [122].
Exploring the current situation or condition in which an agent
finds itself, seeing the reaction of the environment to the
agent’s decision and using that knowledge to make better
decisions in the future is the foundation of reinforcement
learning. Reinforcement learning is distinguished from other
computational approaches by emphasizing an agent’s direct
interaction with the environment without explicit supervision
or exhaustive environmental models to learn the best way to
act in each situation [123], [124].

The RL learning process, depicted in Figure 3, operates
within a loop denoted as the ¢-th iteration. In this loop, the
agent selects and executes an action (denoted as A;) based on
its understanding of the environment, represented as S; called
the current state. This action is determined by a policy, a set of
rules governing the agent’s decisions. Following the agent’s
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action, the environment responds by providing two crucial
pieces of information: 1) the reward R;yi, indicating the
effectiveness of the chosen action in achieving the ultimate
goal, and 2) the new state of the environment after the agent’s
action, denoted as S+ 1.

The agent must continually update its policy based
on the obtained rewards to optimise its decision-making
process across all possible states [123]. The agent learns
the optimal behaviour to achieve the desired goal through
this iterative process. Importantly, when humans are involved
in the RL problem, the resulting state emerges from the
collaborative actions of both the agent and the human within
the environment. Consequently, the agent’s policy updates
and learning are profoundly influenced by the behaviour of
the human agent.

State S; ‘
q
>
Reward R; ‘
Action A;
New Loop
Environment
Reward Ryyq o
Jally <
State Sgyq i

FIGURE 3. A depiction of the reinforcement learning loop.

The set of actions that the agent can perform can be discrete
or continuous. For example, if an agent is learning to play
the Tic Tac Toe game, their actions determine the places for
the agent’s symbol, i.e. they are discrete. On the contrary,
if the agent’s actions are based on knowing how much it has
to accelerate to drive, the agent’s action is represented by
a continuous variable that defines the acceleration. In these
cases, the continuous variables are usually segmented into
different groups to form a discrete variable. In addition,
RL algorithms can be composed of discrete and continuous
actions, but many algorithms are limited to one [125].

Another critical characteristic of RL problems is whether
they are episodic or continuous. An example of an episodic
problem is arcade games, where the agent receives the final
reward at the end of the game. The agent needs to play several
times to learn how to win. Conversely, the problem can also
be continuous, where the task does not have a final step after
a predetermined number of iterations, such as when the agent
is learning to drive [125].

The reward is the primary criterion for altering the policy;
if a low reward follows an action selected, then the policy
may be changed to select some other action in the future
for this situation. In addition, actions could affect not only
the immediate reward but also the subsequent situation and,
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by extension, all subsequent rewards. Therefore, the agent
has to consider that performing an action that results in a
low reward may be necessary at a particular time to obtain
a higher reward later. Consequently, the agent’s goal is to
choose an action that will allow the system to maximise the
reward obtained for each action over time [125], [126].

Reinforcement learning problems can be modelled within
the mathematical framework of the Markov decision problem
(MDP) [127]. It defines how the agent and the environment
interact in each time step. However, to use the MDP frame-
work, the current state must be sufficiently representative
to not depend on previous states or agent actions [128],
[129]. For example, suppose we want to learn to fly a
plane. In that case, the state of the plane can carry the
trajectory and velocity instead of having the records of the
previous historical positions. In this way, historical states
are unnecessary in knowing which positions the plane was
previously in. That is, the current state comprises a set of
variables independent of the previous state and actions.

As mentioned above, the agent has to update its
behavioural policy to learn which actions are best for each
situation [123]. In general, there are three strategies for
updating the agent’s knowledge [122]:

o Policy-based: This strategy is based on creating a
mapping between the state and actions.

o Value functions: This strategy calculates a prediction of
how good the action or the state is. These evaluation
functions will update based on the experience, and
then the agent’s behaviour improve to the optimal one.
Examples: value interaction algorithm, Q-learning [130]
and Sarsa [131].

o Actor-Critic: Combine the value-based and policy-based
methods by using two different RL networks: The Actor
uses a policy-based method to propose a set of possible
actions given a state, and the Critic estimated value
function, which evaluates actions taken by the Actor
based on the given policy. The Actor then uses the
feedback from the Critic to adjust its policy and make
more informed decisions, leading to improved overall
performance [132], [133].

A rapidly growing sub-field within reinforcement learning
is Deep Reinforcement Learning, which leverages deep
neural networks to learn the policy for RL problems [134],
[135], [136], [137]. This approach has gained substantial
traction in recent years and is now widely applied across
various fields, including computational mechanics [138],
chemical industry design processes, astronomy [122], urban
water systems [139], and autonomous highway vehicle
control [140]. Its success is largely attributed to its
effectiveness in real-world scenarios that demand learning
directly from experience. However, it also faces significant
challenges, such as instability during training and difficulties
in accurately defining the environment [139].

Reinforcement learning (RL) methods can be broadly
categorized into two types: model-based and model-free
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methods. This classification depends on whether the method
uses a model of the environment. Model-based meth-
ods incorporate a model that simulates the environment’s
behaviour or allows predictions about how the environment
will respond [141]. For example, given a state and an action,
the model can predict the resulting next state and reward.
These models are typically used for planning, where actions
are selected by evaluating possible future scenarios before
they are encountered. Well-known model-based methods
include policy evaluation [142], Pegasus [143], and rein-
forcement learning for partially observable MDPs [144].
Model-free methods, in contrast, do not involve any
model of the environment. Instead, they rely purely on
trial-and-error learning, often considered the opposite of
planning. Model-free systems are unable to predict how
their environment will change in response to a single action;
they learn directly from experience. Popular model-free
methods include Monte Carlo [123], Temporal Difference
Learning [145], Q-learning [146], SARSA [131], and Dyna-
Q [147]. Both model-based and model-free approaches aim
to find the most optimal policy, but they differ significantly
in their strategies for learning and decision-making.

B. ARTIFICIAL INTELLIGENCE GENERATED CONTENT
(AIGC)

Artificial Intelligence Generated Content (AIGC) creates
high-quality and quick content, such as images, text [148],
music [149], 3D models, and natural language, utilizing
Generated Artificial Intelligence (GAI) algorithms to meet
users’ requirements. AIGC generates the content according to
its knowledge, using the human prompt as a guide to complete
the task. The most familiar AIGCs are ChatGPT for text
creation [150], [151], [152] and DALL-E for creating unique
and high-quality images from textual descriptions [153],
[154], [155].

Nowadays, the quality of AIGC content is significantly
better than before. A few years ago, the most common content
creation strategies were Professional Generated Content
(PGC) [156], [157] and User Generated Content (UGC)
[158]. However, in recent years, the increasing volume of
high-quality data and computational power and the develop-
ment of large-scale pre-training models and new GAI models
have propelled AIGC approaches [20]. That is, GAI is not
a novel technique [159], [160]. Previous generative models,
such as Restricted Boltzmann Machines [161], Deep Belief
Networks [162], and Deep Boltzmann Machines [163], had
limitations due to their lack of generalization power [164].
In contrast, since the development of Generative Adversarial
Networks (GANs) in 2014 [165], new GAI algorithms
have been developed, such as Transformer models [166],
Generative Diffusion Models (GDM) [167], Nerf [168],
or CLIP [169]. These new methods have gained attention
for their ability to leverage the current high data volume and
computational power to create more realistic, sophisticated
generative models, enabling the creation of higher-quality
content [19], [152]. However, new GAI methods are not the
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only factors contributing to AIGC’s success. Technological
developments over the last few decades have increased com-
putational power for training these models while enhancing
the capacity to store high-quality data. Both factors are
essential for the evolution of GAI methods as they are crucial
for training the algorithms [19], [20]. Additionally, large pre-
training models [21], such as BERT, GPT, etc., constitute
another fundamental pillar of this evolution. A pre-trained
model refers to a meticulously crafted and trained model
or network developed on an extensive dataset to manage
a similar problem. Instead of constructing a model from
scratch, Al algorithms can use these pre-trained models as
initial templates [170]. Transfer learning has inspired and
formalized a two-phase learning framework for these algo-
rithms: an initial phase involves pre-training to accumulate
knowledge from one or more source tasks, followed by a fine-
tuning stage where this acquired knowledge is transferred to
target tasks [21]. Through this process, GAI can enhance its
performance and generalization abilities by leveraging the
knowledge embedded in pre-trained models. Large-scale pre-
trained models offer distinct advantages to AIGC, including
improved generalization abilities, reduced training costs,
enhanced training efficiency, support for multiple tasks, and
continuous optimization [20].

Another fundamental pillar in the evolution of GAI models
was the integration of new techniques into them, such as
the capability to learn from human feedback [171], [172],
[173] to determine the most appropriate response for a given
instruction, improving the model’s reliability and accuracy
over time. This is the case with “Chat Generative Pre-
trained Transformer” or ChatGPT [151], [174], a language
model developed by OpenAl for building conversational
Al systems that can efficiently understand and respond
to human language inputs meaningfully. This feedback
integration allows ChatGPT to better comprehend human
preferences in long dialogues [150]. By combining these
advancements, models have made significant progress in
AIGC tasks and have been adopted in various industries,
including health [175], [176], [177], [178], art [179], and
education [180]. In the near future, AIGC will continue to
be a significant area of research in machine learning.

The literature exploring Generative Artificial Intelligence
(GAI), Attificial Intelligence-Generated Content (AIGC),
pre-training models, and Transfer Learning is vast and varied.
However, this current study focuses on integrating users into
the Al learning loop rather than delving into the intricacies of
training and model development for collaboration. Therefore,
we do not extensively delve into these technical aspects
within the scope of this work, but interested readers can find
in-depth explorations in forthcoming surveys [19], [20], [21],
[170], [181]. This section exclusively delves into AIGC, their
benefits and challenges, with the goal of offering a clear
vision of these methods.

AIGC has gained significant popularity owing to its robust
capabilities [152]. It is highly efficient and cost-effective
and liberates human resources for more strategic tasks. For
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instance, AIGC offers numerous advantages over traditional
human writing, such as speed and language localisa-
tion [182]. This proficiency enables Al tools to generate vast
amounts of content quickly. Additionally, AIGC excels at
crafting personalized social media posts tailored for diverse
platforms. Moreover, it is a valuable resource for writers grap-
pling with creative blocks, offering inspiration, assistance,
and refinement [183]. Furthermore, integrating Al-generated
content into research endeavours enhances accuracy and
efficiency, ultimately saving valuable time and resources.

However, despite this technology’s success, this new
technology still needs consequences and challenges. AIGC
often lacks the emotional depth and authenticity that humans
naturally possess, particularly in creative endeavours like
music composition and writing. This absence of genuine
human touch extends to the intended tone and personality,
impacting the trust and mutual understanding between
humans and AI [20]. Moreover, AIGC and Generative
Artificial Intelligence (GAI) significantly rely on their
training data. This dependence can lead to inaccuracies,
primarily due to deviations and inaccurate information that
hinder the ability of GAI to discern the credibility of
sources or assign appropriate weights to different information
channels [184]. Sensitivity in topics like race, gender, politics,
and crucial decision-making in healthcare exacerbates
this issue, making human oversight indispensable. Legal,
moral, and ethical concerns also loom large, encompassing
areas such as copyright infringement in Al-generated
artworks [185], cheating and plagiarism in educational
institutions, data privacy, security [186], and the malicious
use of deepfakes [187]. To address these concerns, promoting
the ethical development of Al and implementing appropriate
laws to govern their use are imperative [152], [188].
Additionally, there is the issue of the digital divide, defined
as the gap between those with access to computers and the
internet and those without [189]. Emerging technologies
like generative Al may inadvertently exacerbate this societal
divide [190], [191]. To bridge this gap, fostering accessible
Al and providing Al literacy training would prove invaluable.

Like any other technology, AIGC presents challenges and
benefits to our society. A crucial factor in overcoming these
challenges lies in integrating human feedback. As previ-
ously discussed, some technologies use interactive machine-
learning techniques to incorporate human knowledge within
their reasoning loops. Although AIGCs are not interactive,
these methods could transform the integration of interactive
elements and become the most widely used interactive
machine-learning techniques in the coming years.

Besides knowing what techniques exist to interact and
learn with the user, it is also necessary to understand how
to integrate humans into a collaboration, which will be
explained in section V.

V. HUMAN-AI COLLABORATION CLUSTER
This section outlines five clusters of human-AlI collaboration
based on various collaboration features and the degree of
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human integration in Al decision-making. The classification
is built upon the following collaboration features:

o Al Technique (AL, RL, aML, AIGC): This feature
describes the Al technique used in the collaboration. AL
refers to Active Learning, RL denotes Reinforcement
Learning, aML stands for automatic Machine Learn-
ing algorithms with interactive techniques, and AIGC
represents Artificial Intelligence Generated Content
techniques. We consider automatic machine learning
algorithms that have been modified to include human
intervention at specific stages of the workflow, treating
them as interactive machine learning techniques.

o Expert: This feature indicates whether a human expert is
required for effective collaboration. For instance, certain
complex tasks may necessitate expert knowledge, while
others can be performed with non-expert human.

o Interaction (Interface, Physical): This feature describes
the nature of the collaboration environment, which
can take one of two forms: an interface interac-
tion (e.g., software applications) or a physical inter-
action (e.g., collaborative robots working alongside
humans).

o Aim of Collaboration (Cooperation, Improvement,
Customization, Consensus, Replace Al): This feature
categorizes the collaboration’s objectives into five
options:

-- Cooperation: Agents must continuously cooperate
by jointly altering the environment to achieve
the final goal of the collaboration. The aim of
these works is to enhance communication, physical
cooperation, or mutual understanding between the
agents.

-- Improvement. The objective is to achieve a better
result than that obtained by both users separately.

-- Customization: This collaboration aims to obtain
improved outputs tailored to the user’s specific
needs.

-- Consensus: The goal is to reach a unanimous
decision or action plan.

-- Replace AI: This category applies if the goal is to
replace the Al reasoner with human intelligence.

Multiple aims can be selected for one collaborative sys-
tem, reflecting the complexity of human-Al interactions.

o Team Composition (1:1 or 1:n): This feature describes
the composition of the system’s members: /:/ indicates
a system consisting of one Al and one human, while /:n
denotes a system with one Al and several humans. This
distinction is important for understanding dynamics in
teamwork and decision-making.

o Initiative: This feature describes whether the human
agent can initiate communication with the system
when desired. A lack of initiative means that human
interaction is confined to specific workflow points of the
system, limiting the collaboration’s flexibility.

These collaboration features serve as the foundation for the

clusters described in the following subsections.
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TABLE 1. Some examples of Human-Al collaboration works in which the user is an optional workflow element used to improve or customize the Al
output. This table highlighting the main common characteristics of these group. (0: No; x: Yes).

. Techniques Interaction Aim of collaboration Al-human
Paper - Topic = =
=] = 2
= 2 % 2 |&|E £ |3 E 3 & &|z E|Z
Allen et al. [192] - Decision-making Tree O O X O O X O O X 0O O O X O O
Cai et al. [193] - video recommendations O X 0O O O X O O O X O O X O O
Dawar et al. [194] - Music recommendation X O O O O X O O O X O O X O O
Han et al. [195] - Topic detection O O X O O X O 0o X X O O X O O
Honeycutt et al. [196] - Object detection O 0 X O|0|KX 0 0 X O O O|X 0 0
Keikhosrokiani et al.[197]- health product recommendation X O O O O X O O O X O O X O O
Lee et al. [198] - Health O O X O X X O O O X O O X O O
Liu et al. [199] - Classification task X O O O O X O O X 0O O O O X O
Murthy et al.[200] - video recommendations O X 0O O O X O O O X O O X O O
Schroder et al. [201] - Vegetarian recipe X 0O 0O O|0|KX 0 0O 0o X O O|X 0 0
Smith et al. [52] - Topic modeling O 0O X O|0|KX 0 0 X X O O|X 0 0O
Yang et al.[202] - Text classification O O X O X X O O X 0O O O X O O
Yeh et al. [203] - Human-AI Writing O 0 X KX O X O O X 0O O O X O O

A. HUMANS AS AN EXTERNAL TOOL IN THE
COLLABORATION

Incorporating human input as an optional element to enhance
or customize Al outputs is a defining characteristic of the
works within this group. The goal of human intervention
is to refine future Al outputs or tailor the results, with
feedback consisting of a limited set of actions to modify
the system’s outcomes. The collaborative workflow for this
group is illustrated in Figure 4, where users are positioned
downstream from the Al output. Table 1 summarizes several
examples of collaborative works in this group, highlighting
their shared characteristics.

Customization is the primary objective of these works.
Dawar et al. developed a recommender system that considers
music habits, preferences, and facial expressions to suggest
suitable songs and playlists to users [194]. Users can
provide feedback on these recommendations to improve
future outputs. Even though face recognition occurs before
the Al generates its output, the user’s involvement remains
passive, as their cognitive abilities do not actively influence
the result. Various recommendation systems are utilized in
this group, with AL [197] and RL [204] being the most
common techniques. Another example is the system created
by Cai et al., which employs reinforcement learning (RL) for
video recommendations [193]. In this system, users provide
feedback, such as likes and follows, to define their pref-
erences and express agreement with the recommendations.
A similar approach is taken in the system developed by
Murthy et al. [200]. These systems are part of our daily lives,
embedded in platforms like Spotify, YouTube, and others,
offering options to customize recommendations based on user
preferences.

Han et al. and Smith et al. developed a system that
identifies document topics based on word frequency [52],
[195]. These topics can be modified and customized through
user input to enhance system performance in subsequent iter-
ations. Another illustrative example is provided by Schroder
et al., who analyzed the Plant Jammer system [201]. This
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system recommends vegetarian recipes based on the user’s
selected ingredients and preferences, with the customization
process relying on a rating scale from ‘great’ to ‘okay’ for the
recipes. A similar approach is utilized by Allen et al., whose
system learns users’ qualitative preferences to facilitate car
selection [192]. In this case, user preferences are solicited,
and the algorithm adapts to their decision-making process.
When the model of the user’s preferences is presented, users
can provide feedback to refine the recommendations. Another
example is the work created by Yeh et al. [203], which
developed an Al-enhanced writing tool that allows users to
exercise greater agency and personalization in the writing
process. The system offers suggestions, which users can
accept or reject.

Moreover, system customization can also occur through
expert human input. For instance, Lee et al. developed a
feature selection system that provides quantitative analysis
of patients’ conditions to enhance rehabilitation assessment
practices [198]. This analysis is presented on a graphical
user interface, allowing experts to give feedback on adjust-
ing features to better fit patients’ needs and personalize
rehabilitation.

Human

N

5
>
=> Final Output

A

Initial Data

FIGURE 4. Illustration of the workflow in which users serve as an
optional element to improve and customize the Al output.

Another goal of this level of integration is to leverage
human qualities to improve areas where humans excel
compared to Als. For instance, Liu et al. utilized non-
experts to label system classification outputs and identify
unknown-unknowns, learning from them to enhance initial

29385



IEEE Access

M. Puerta-Beldarrain et al.: Multifaceted Vision of the Human-Al Collaboration: A Comprehensive Review

classification [199]. In this case, a crowd-sourcing platform
gathers non-expert labels for large volumes of data without
overburdening individuals.

When the system seeks to employ human feedback
to enhance outputs, a learning component is typically
incorporated within the Al reasoning framework. However,
not all works that integrate humans include this learning
element. For example, Yang et al. developed the RulesLearner
algorithm, which expresses ML text-analysis rules that
experts may modify as needed [202]. The output of this
modification becomes the final result. The importance of
learning from human feedback was studied by Honeycutt
et al., who developed two systems for detecting human faces
in images: one with human feedback and one without [196].
The human feedback system utilized an iterative workflow
in which a human was instructed to correct each Al output.
However, the system did not learn from this feedback, even
though users were led to believe it did. They aimed to examine
how this lack of learning impacts user trust. This work
highlighted the necessity of a learning component in iterative
user-integrated loops to learn from feedback and maintain
user trust.

Therefore, it is evident from the preceding examples that
both human experts and non-experts can enhance system
performance or customization. The critical aspect of these
works is that a previous output is available, making user
integration aimed at improving system performance or
personalizing the experience optional. Users have become
an increasingly integral component of systems in subsequent
levels of integration, with expanded freedom of action,
communication, and decision-making.

B. HUMANS-AI CONSENSUS

Works within this integration level aim to establish task
allocation agreements and facilitate consensus decision-
making among human participants. At this stage, users wield
greater decision-making authority compared to previous lev-
els. Typically, the team consists of one artificial intelligence
agent and several humans, each of whom may possess unique
information regarding the problem at hand. The primary
objective is to reach a consensus decision or devise a strategic
plan. Table 2 summarizes several examples of collaborative
projects within this group, emphasizing their key shared
characteristics.

One rationale for employing this workflow is that a
human coordinator’s decision-making can be swayed by
personal motives or biases, whereas an artificial intelligence
remains consistently objective. For instance, Pescetelli et al.
compared the performance of human and Al coordination
in discerning the crowd’s intent in an online game [206].
They developed an online platform called BeeMe, where
users could vote, socialize, and suggest new actions. The
coordinator was responsible for interpreting the participants’
intent to determine the next action an actor would take in
the game, ensuring that this choice accurately reflected the
users’ intentions. A collaborative decision-making algorithm
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was created that demonstrated a higher level of impartiality
compared to a human coordinator.

This workflow is particularly useful in disaster scenarios,
where the objectivity of the AI coordinator helps elim-
inate human bias and its potentially detrimental effects.
Additionally, Al excels in efficiently resolving optimiza-
tion challenges and processing large datasets, which can
significantly enhance the effectiveness of interventions in
such situations [206]. The initial efforts to incorporate an
Al coordinator into human teams were based on shared
control systems, which allowed humans to take control
when the system encountered failures [208], [209]. However,
in disaster contexts, a single lapse in planning can lead
to catastrophic outcomes, rendering these approaches less
effective.

Consequently, more recent research has focused on devel-
oping systems that facilitate communication and promote
flexible interactions between humans and Al coordinators,
rather than relying solely on shared control techniques.
For example, Ramchurn et al. created a flexible human-
Al interaction system for generating task allocation plans
in emergent scenarios [207], [211]. This system empowers
users to reject tasks assigned by the Al coordinator, request
additional information, and articulate their preferences.
Furthermore, the system can inquire about the status of tasks
at any time, considering human preferences in the assignment
process. As a result, a more adaptable plan emerges from the
enhanced communication among team members.

In parallel, other studies advocate for incorporating a
third component responsible for facilitating effective com-
munication between humans and artificial agents [210].
Given the fundamental differences in processing between
humans and Al, the primary aim of this component is to
translate one model into the other and vice versa [212].
Zakershahra developed a collaboration system comprising
one Al agent, four warehouse managers, and a facilitator
agent to achieve a consensual plan in a disaster scenario [210].
The facilitator utilized the “Wizard of Oz (WoZ) tech-
nique [213], a common method for comparing perceptions
between human-human and human-agent teams. In this
scenario, each participant holds different information about
the situation, requiring the facilitator to assist team members
in adapting their decision-making to forge a consensus,
even when complete information is unavailable or direct
communication is limited.

A crucial element for effective communication within
teams is the ability of members to share their perspec-
tives. The initiative serves as a communication tool that
empowers users to express their views, enhancing their trust
and enabling system customization. This initiative involves
providing users with tools they can use flexibly, such as
customizing the system, declining tasks, or proposing new
actions without requiring approval. While the initiative can
take various forms depending on the system, it consistently
grants users autonomy and fosters a stronger relationship
between the agent and the Al
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TABLE 2. Collaboration features of human-Al collaboration papers where the goal of the collaboration is to create a consensus decision. This table
highlighting the main common characteristics of these group. (0: No; x: Yes).

. Techniques Interaction Aim of collaboration Al-human
Paper - Topic = =
I B

o _ g N 2 Iy
3 2 2 $|5|2 £|8 £ & & &)= = |E
Li et al. [205] - AT assistants O O O R O bxd O o o o ®X 0O X X X
Pescetelli at al.[206] - Online game O O X O O bxd O O O o X 0O O X X
Ramchurn et al. [207] -Task allocation O O X O X O o a 0O ] ] X X
Schurr et al. [208, 209] - Planning in disaster scenario O O X ] O X O a a O X a a X O
Zakershahrak at al. [210] - Planning in disaster scenario O O X [m] O X O a a O X [m] a X X

For instance, in the BeeMe project developed by Pescetelli
et al., users have the option to propose new actions that the
system might not consider [206]. Similarly, in the approach
taken by Ramchurn et al., users can request additional
information and express their preferences [207]. Lin et al.
designed an Al assistant named Decision-Oriented Dialogue
(DoD) to aid one or multiple humans in making complex
decisions across three scenarios: assigning reviewers to
conference papers, planning a multi-step itinerary in a city,
and negotiating travel plans for a group of friends [205].
In this case, user interaction with the Al occurs through a
dialogue environment.

In essence, the most critical aspect of this integration level
is the coordination objective of the system. Humans and Al do
not necessarily need to work collaboratively on the same task;
rather, they must focus on establishing a consensus, which
can be viewed as the initial phase of the collaborative process.

C. HUMAN-AI ASYNCHRONOUS COLLABORATION
The integration of users as a fundamental component of Al
systems distinguishes the works that comprise this integration
level, aimed at enhancing or personalizing performance.
Users are essential to the process—not only to correct the
system but also to actively participate in obtaining the
desired output. A defining characteristic of this group is
that agents must engage without simultaneously altering
the environment. This means human participation is often
restricted to specific points in the interaction workflow, or the
artificial agent operates in parallel with the user. As such,
the collaboration is typically asynchronous. The goal of
this collaboration is to work together to achieve improved
results, rather than for one agent simply to assist another.
However, the user’s actions are predetermined and must
occur at specific moments within the interaction workflow.
Table 3 summarizes examples of collaborative works within
this group, highlighting their key common characteristics.
Consequently, human requirements, such as trust, engage-
ment, and usability, are as crucial as artificial requirements in
this integration process [234]. Moreover, a human-centered
perspective is employed to incorporate these human require-
ments. In this framework, humans can assume various roles
in the Al system’s learning process, as illustrated in Figure 5.
For instance, in the study by Hekler et al., both the expert
and the AI operate in parallel, independently classifying

VOLUME 13, 2025

images of skin cancer, with their classifications combined
to arrive at a final diagnosis based on the accuracy of the
Al’s predictions [216]. In this scenario, both agents exert
equal effort to achieve the system’s output by performing
the same task independently. Another health-related example
is provided by Zhang et al., who developed a method for
diagnosing sepsis [233]. Similar to the previous study, both
experts and Al work in parallel, with the experts making the
final decision.

" Human | T‘
lex i i
@ > > ri}1 Final/Sequential
Output
Al
el
R Al 2 3
el Final/Sequential
Initial Data rE1 outout
Human ! ‘ utpu

Final/Sequential

Output

FIGURE 5. Three different human positions for this integration level.
In the first workflow, the human position precedes the Al. In the second,
humans and Al work in parallel. In the last, the user follows the Al.

A comparable methodology was employed by Reverberi
et al., who conducted two distinct experiments to explore
this collaboration [235]. In the first experiment, endoscopists
diagnosed and classified lesions independently, while in
the second, they received Al assistance. The study found
that endoscopists were influenced by the AI’s recommen-
dations, regardless of its accuracy. However, in cases of
disagreement, the endoscopists maintained their original
opinions without being swayed by the AI’s input. This
exclusive reliance on Al as the sole decision-maker in
the healthcare sector can lead to patient aversion [236].
Conversely, a collaborative approach—where Al assists in
the decision-making process—allows us to leverage the
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TABLE 3. Some examples og Human-Al collaboration works and their main collaboration characteristic where users are an essential part of the system
and where the interaction is thought an interface. The goal of the collaboration is to work together to achieve better results rather than for one agent to
assist the other. This table highlighting the main common characteristics of these group. (0: No; : Yes).

Techniques

Interaction Aim of collaboration Al-human

Paper - Topic

Interface

AIGC

Gillotte et al. [185] - Generate artworks

X
X

Guimaraes et al. [214] - Similarity detection

Hasegawa et al. [215] - Audio descriptions of images

Hekler et al.[216] - Medicine, Health

Holzinger et al.- [217] - Optimization algorithm

Huang et al. [218] - Creation of audio content

Kobis et al. [219] - Poems text-generation

Liu et al. [220] - Audio storytelling generated

Liu et al. [221] - Magnetograms of the Sun

Liu et al. [222] - Re-identification tasks

Loeschcke et al. [223] - Video generated

Mozafari et al. [224] - Classification tasks

Pollefeys et al. [225] - 2D images into 3D models

Schmitt et al. [226] - Human-ai co-writing

Schulman et al. [151] - ChatGPT

Sharma et al. [227] - Text assistant

Tegen et al. [228] - Virtual Sensors

Texler et al. [229] - Video generated

Thoppilan et al. [230, 231] - Question-answering chatbot

Whittaker et al. [187] - Create synthetic faces

Yang et al. [232] - Human-AlI Fiction Co-writing

Zhang et al. [233] - Sepsis Diagnosis
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capabilities of Al in healthcare, thereby fostering greater
acceptance and integration of Al in this domain [237].

In this system workflow, the human position may precede
the Al reasoner, as demonstrated in the study by Guimaraes
et al. [214], which focuses on identifying document pair
similarity. In this case, users utilize a crowdsourcing platform
to group documents by their authors, after which the Al clas-
sifies them based on content similarity. However, users are
often positioned after the Al to minimize human effort while
maximizing the Al’s data processing capabilities. Figure 5
illustrates these different workflows at this integration
level.

Common techniques within this integration level include
Active Learning and the modification of automatic machine
learning algorithms. Another notable technique gaining
traction is Al-Generated Content (AIGC), which warrants
a separate subsection due to its growing significance and
unique method of integrating users.

Crowdsourcing platforms are also widely used since
Al algorithms can learn from collective human behavior,
enhancing accuracy over time. This approach helps distribute
the human labeling effort among multiple users, as a single
user typically cannot label an entire dataset. Some researchers
investigate ways to integrate machine learning into crowd-
sourced databases, aiming to combine the accuracy of human
labeling with the speed and cost-effectiveness of machine-
learning classifiers. In this vein, Mozafari et al. studied the
application of active learning strategies in crowdsourced
databases to reduce the number of instances needing labeling
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by humans, thereby minimizing human effort and enabling
the scalability of this approach [224].

This challenge is relevant across various contexts. For
example, Liu et al. focused on reducing human annotation
efforts while maximizing system performance in person re-
identification tasks. They developed a deep reinforcement
active learning (DRAL) method to guide an agent in selecting
training samples in real-time with human annotators.

Another compelling reason to explore ways to reduce
human labeling efforts is the susceptibility of humans to
mental state influences, such as stress and boredom. In this
context, Tegen et al. demonstrated that designing applications
where users provide feedback only when the system’s output
is incorrect is more efficient than requiring users to provide
correct labels consistently [228]. Their research indicates
that human performance declines when users are forced
to exert excessive effort over prolonged periods. In some
experiments, they allowed users to actively tag without
prompts, empowering users with initiative, which increases
freedom in collaboration and significantly contributes to
meeting human requirements. However, this flexibility is not
present in all studies.

For instance, Holzinger et al. addressed the Traveling
Salesman Problem using a snake game to facilitate interaction
between the user and the AI [217]. They modified an
Ant Colony Optimization (ACO) algorithm, specifically
the MMAS (MAX-MIN Ant System), allowing users to
select the next target for the snake during interactions. This
choice affects the AI’s behavior, enabling humans to correct
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deficiencies in the algorithm. However, human interactions
are time-restricted, which may not align with the optimal
timing for adjustments; addressing issues may be more
critical in subsequent iterations or earlier phases.

1) ARTIFICIAL INTELLIGENT GENERATED CONTENT
One notable subset of this group is the AIGC (Artificial
Intelligent Generated Content) algorithms. These algorithms
have gained significant popularity in recent years and
have revolutionized various fields and applications, such as
medicine [44] and tourism [238]. As mentioned earlier, the
performance of these methods is quite straightforward: the
user provides prompt input, and the Al generates content
that uses this human input as a guide. This interaction,
however, is not inherently interactive. Currently, we are at
the forefront of developing this technology, with interactive
methods increasingly being integrated into generative Al
(GAI) models. For example, ChatGPT has integrated human
feedback to enhance performance [151], [174]. Moreover,
some AIGC systems allow for the repetition of this input-
output loop, occasionally incorporating memory as a dialogue
feature, which enables improvement and customization based
on multiple iterations and/or specifications. These algorithms
belong to this integration level because the scope of human
input is primarily limited to the type of prompt that the
AIGC accepts. However, human input is not restricted in
other respects. Additionally, human intervention is crucial for
collaboration, as users are the most beneficial contributors.

Although these methods have recently gained traction and
transformed the way many tasks are performed, particularly
in education [239], [240], [241], they also hold potential
influence over the academic peer review process [242].

The diverse forms of Al-generated content can be classi-
fied into three categories: text, image, and audio generation:

a: TEXT GENERATION

Creative writing and dialogue writing are the primary
subfields of Al-generated text [148], [243].

o Creative Writing: This involves generating text with
greater openness, creativity, and nuance. For instance,
in the work of Yang et al., users can co-write a
short sci-fi story with a GPT-2-based text generation
model [232]. Another application includes generating
poems, as demonstrated by Kobis et al. in their
research [219]. Additionally, Sharma et al. developed
a tool for recommending co-written text messages for
mental health support [227].

e Dialogue Writing: This category encompasses chatbots
that interact with users through text. These bots are
designed to answer questions and provide informa-
tion. Such AIGC algorithms are considered interactive
due to the inherent nature of dialogue [244], [245].
For instance, ChatGPT is designed for conversational
usage, producing human-like responses by drawing on
its extensive knowledge base [174], [246]. ChatGPT
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can remember previous interactions within the same
conversation, thereby facilitating a continuous dialogue.
Notably, LaMDA is a question-answering chatbot
focused on two domains: Mount Everest education and
music content recommendations [230], [231]. Another
example is the software developed by Schmitt et al.,
which supports the creation of fictional characters
through interactive conversation and gradual devel-
opment [226]. Al-generated text remains the most
expansive category of AIGC, partly due to the influence
and success of ChatGPT.

b: IMAGE GENERATION

By leveraging AIGC, users can modify existing images
or generate new ones that meet specific requirements
based on given prompts [247], [248], all without needing
advanced skills or knowledge. Al-generated images have
various applications, ranging from artwork [185] to synthetic
faces [187] and complex magnetograms of the Sun [221].
DALL-E, a widely used AIGC application, generates images
from textual descriptions [150], [154], [155], [249]. Zhang
et al. have developed a novel application that integrates
cartographic design processes based on DALL-E [188].
Additionally, some applications can translate 2D images into
3D models [225]. Further examples can be found in the survey
conducted by Zhang et al. [250]. These Al-generated images
can also be used to create videos. AIGCs operate similarly
in video generation, processing each frame individually and
utilizing Al algorithms to generate video clips, which can
be employed to create trailers and promotional videos [223],
[229].

c: AUDIO GENERATION

AIGCs can also generate audio, which falls into two primary
categories: text-to-speech synthesis and voice cloning [251],
[252].

o Text-to-Speech Synthesis: This process converts input
text into speech that mimics a specific speaker’s voice,
commonly used in robotics and voice broadcasting
applications [253].

o Voice Cloning: This technique takes specific target
speech as input and transforms it to match the
speech patterns of the designated speaker. Some appli-
cations automatically generate audio descriptions of
images [215]. For instance, WavJourney, developed by
Liu et al., creates structured scripts for audio storytelling
from text descriptions of auditory scenes [220]. Another
innovative application, AudioGPT, created by Huang
et al., excels in generating diverse audio content,
including speech, music, sound effects, and talking head
tasks [218].

Despite having a restricted role within this workflow, users
remain essential. As observed, the human position is not
static; instead, it depends on the objectives of collaboration
and the balance of design effort within the system. Users’
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TABLE 4. Some examples og Human-Al collaboration works where user and Al agents interact in a physical environment. This table highlighting the main

common characteristics of these group. (O: No; x: Yes).

. Techniques Interaction Aim of collaboration Al-human
Paper - Topic =
A PR

o _ = N 2 Iy
28 2 2|5|2 £|8 FE & & F|=z =|E
Cao et al. [254] - Robot plan assistant O X O O O bxd O X O O O 0O X O X
Gomez-Carmona et al. [255] - Smart drink monitoring X O O ] O X X X a O O a X O X
Holzinger et al. [256] - Optimization algorithm 0O 0 X 0O|0|X 0 X O O O O|X 0 0
Li et al. [257] - Emergency Indoor Patrolling O 0 X 0O|0O|0O0 X X O 0O O O|X 0 X
Lou et al. [258] - Game O X O O O X O X O O O O X O X
Mccamish at al. [259, 260] - Mutual understanding O X O ] O X O X a O O a X O X
Mehak et al. [261] - Human-AI assemble Task O O X O X X O X O O O O X O X
Nikolaidis et al. [262] - Collaboration task O X O O O O X X O X O O X O X
Nikolaidis et al. [263] - Collaboration task O X 0O O O O X X O X O O X O X
Schelble et al. [264] - Game; RL O X O O O O X ] O O (] X O O
Strouse et al. [265] - Game O X O O O X O X O O O O X O X
Tao et al. [266] - Collaboration task O X O O O O X X O O O O X O X
Wang et al. [267] - Human-Al coordination O O X O O X O X O O O 0O X O X
Xing et al. [268] - Leadership transition 0O 0 X 0O|0|X 0O X O 0O O O|X 0 X
Xu et al. [269] - Game O O X O O X O X O X O O X O X
Yu et al. [270] - Game O X O O O X O X O O O O X O X
Zhang et al. [271] - Collaborative tasks O 0o X X O X O X O O O O X O X
Zhou et al. [272] - Tracking a trajectory 0O 0 X 0O|0O|0O X X O 0O O O|KX 0 X

flexibility and decision-making power tend to increase in
subsequent integration levels.

D. HUMAN-AI COLLABORATION MAKING CHANGES AT
THE SAME TIME IN THE ENVIRONMENT

This integration level shares the same objectives as the
previous one; however, in this stage, agents have greater
freedom to modify the environment through their actions,
leading to more equitable collaboration, as illustrated in
Figure 6. This strategy affords users enhanced flexibility.
Furthermore, humans possess the autonomy to initiate actions
without requiring explicit instructions. This results in a more
balanced distribution of roles between agents, as the activities
performed by humans closely resemble those executable by
Al Consequently, there is an increased freedom for humans
and a greater capacity for decision-making, which enhances
the level of human integration. To foster collaboration,
all participants must be aware of each other’s actions to
inform their subsequent responses, thus increasing overall
engagement and awareness. Table 4 summarizes examples
of collaborative projects in this group, highlighting the key
characteristics shared among them.

One notable example of this integration level is the
algorithm proposed by Holzinger et al. They introduced
a solution for optimizing the Traveling Salesman Prob-
lem [256] using the behavior of the Ant Colony Optimization
algorithm [273]. In this study, the authors provided users
with two innovative tools for modifying the ants’ behavior:
a human interaction matrix that enables control over the ants’
movements between nodes and a human impact factor that
allows users to define the probability that an ant will follow a
human suggestion. This empowers users to act autonomously
within the system’s environment, as they can adjust the matrix
and factors at their discretion.
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Goémez-Carmona et al. explored how to develop a system
that empowers users to take initiative [255]. They designed an
intelligent drink monitoring system linked to a customizable
interface. This system records all user interactions with
the smart bottle to analyze hydration patterns. Users are
asked to label their actions to ensure the system accurately
tracks drinking gestures. To improve accuracy, the system
allows users to record examples of their specific drinking
movements at any time, augmenting the training dataset.
Following an action, users can also verify whether the
gesture was correctly classified. This two-way communica-
tion enhances system performance, while the customization
options improve user comfort during the learning process and
regulate their effort.

Cao et al. developed a strategy for robot actions to assist
humans using the Theory of Mind (ToM) and reinforcement
learning. In this approach, the robot observes user behavior
and communicates with them to facilitate task completion
more effectively [254].

The primary goal of these works is to achieve cooperation
between agents in real-world environments, rather than
simply creating a plan or reaching a consensus. Another
example of this objective is the work by Zhou et al.,
who developed a human-robot Cartesian co-manipulation
task that navigates random obstacles, promoting mutual
communication and accommodation in unstructured envi-
ronments [272]. Due to the unpredictable barriers, robots
face challenges in managing environmental uncertainty,
and the task requires tracking specified trajectories while
avoiding unexpected obstacles. This system maintains a high
level of performance while minimizing cognitive load on
users.

A similar study by Xu et al. builds upon previous
research on human-human collaboration [269], [274]. They

VOLUME 13, 2025



M. Puerta-Beldarrain et al.: Multifaceted Vision of the Human-Al Collaboration: A Comprehensive Review

IEEE Access

Actuation Actuation

Execution l lExeculion

Environment

Human
w
Perceive the | g
performance |

State
Inference

FIGURE 6. A depiction of the integration level of humans in human-Al
collaboration. Both humans and Al are free to modify the environment
and must take action based on each other’s contributions.

developed a Waiter Agent Interactive Training Experimental
Restaurant (WAITER) robot that learns to collaborate with
human trainers to provide customer service in a virtual
restaurant. In this context, both agents (the robot and human)
access different data and must communicate effectively to
complete the task. Through this dialogue, agents can adapt
their behaviors to align with those of their counterparts,
employing various machine learning algorithms to facilitate
this adaptability, including Bayesian networks and linear
prediction.

However, collaboration members sometimes possess dis-
parate information about the environment. For instance, Tao
et al. developed a physical collaborative task involving a
human and a robot, wherein both participants shared the same
information [266]. In their experiment, a human and a robot
worked together to manipulate a ball on a platform, aiming to
place it in the center hole without letting it fall out. While both
agents could observe the environment, they had to learn to
anticipate each other’s intentions and coordinate their actions
without direct communication.

When defining human-robot collaboration, it is crucial
for Al to be trained using human data to understand how
to respond to various situations. However, this training can
impose a significant burden on humans. One method to
streamline this process and reduce the human workload
involves employing reinforcement learning (RL) strategies.
For example, Strouse et al. explored how to train robots
for effective collaboration with human partners without
relying on human data [265]. They utilized a self-play
strategy [275] to replace the human effort during training.
Their study employed a cooking simulator game called
Overcooked, where both agents work together to prepare
recipes within a set time. Coordination is critical, as both
agents share information and can select their subsequent
actions. They utilized a V-MPO [276], an RL algorithm
featuring a ResNet plus LSTM architecture, to facilitate this
coordination. Another example of human-Al collaboration
within the Overcooked framework is the work by Zhang et al.
[271], which developed a chat system enabling users and Al
to discuss strategies for resolving the game.

Furthermore, human corrections to robot actions can
demand substantial mental and physical resources [34],
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[277]. Consequently, some researchers focus on reducing
human involvement while enhancing the robot’s capability
to adapt its role in collaboration. For instance, Wang et al.
developed a dynamic role-shifting system for human-robot
collaboration in assembly tasks, aiming to alleviate human
fatigue [267]. Similarly, Xing et al. devised a fuzzy logic-
based arbitration rule to regulate the transition of the robot’s
role in collaboration [268]. Another approach by Mehak
et al. involves creating a system capable of recognizing
human actions and predicting forthcoming actions to foster
improved team coordination and communication [261].
In addition to addressing human fatigue, maintaining the trust
of human agents is critical in collaboration. For example,
Li et al. developed a human-Al collaboration system for
indoor patrolling during sudden power outages, focusing on
preserving human trust in the agent [257].

Moreover, Yu et al. employed self-play strategies to miti-
gate human biases in decision-making [270]. They introduced
the Hidden-Utility Self-Play (HSP) method, which explicitly
models human biases as hidden reward functions. Similarly,
Lou et al. utilized self-play strategies in conjunction with a
policy ensemble method to enhance partner diversity within
the population. Their context-aware approach enables agents
to analyze and identify potential policy primitives of their
partners, allowing for appropriate action selection [258].

The Overcooked game has been used for various research
purposes, including studying human collaboration across
different task loads in human-Al environments [278], [279].
Despite its popularity, other games have also been employed
in similar loops, utilizing RL techniques. The combination
of gaming and RL is advantageous due to its inherent
qualities [280], [281]. Therefore, it is crucial to examine
how the selection of RL and game theory can foster varying
levels of cooperation within hybrid teams. Schelble et al.
conducted an empirical study to explore how different
modern RL algorithms and game theory scenarios could
influence cooperation levels in human-Al teams [264]. Their
findings highlight the importance of selecting appropriate RL
techniques to enhance team effectiveness and composition.

Additionally, Nikolaidis et al. designed a physical col-
laborative task in which a human and a robot must move
a table through a door [262]. Initially, both agents must
decide on their actions. This study emphasizes mutual
adaptation, where each member must modify their behavior
based on the actions of the other [282]. They developed
a Bounded-Memory Adaptation Model (BAM), an RL
algorithm, alongside a Mixed Observability Markov Decision
Process (MOMDP) policy to manage adaptability functions.
In subsequent work, they improved mutual adaptability
to preserve human trust, although the most efficient task
resolution was not achieved [263].

In addition to mutual adaptability, other researchers focus
on fostering mutual understanding. For example, Mccamish
et al. aim to establish a mutual comprehension of human
intent through queries [259], [260]. Using an RL method, they
strive to create a shared understanding of human intent [260].
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TABLE 5. Some examples of collaborative works where human replacing the Al reasoner component. This table highlighting the main common

characteristics of these group. (0: No; x: Yes).

. Techniques Interaction Aim of collaboration Al-human
Paper - Topic r
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Ankerst et al. [284] - Build Decision Tree o 0 X 0O|0|RX [m] [ - = O O
Kartoun et al. [285] - Task classification X O O O O X O a a O O X X O O
Talbot et al. [286] - Build ensemble classifier O O X O O x| O a a O O X X O O
Wiethof et al. [287] - Customer service O O X O O X O o o o o0 X X O O

In this context, a query serves as a vital communication
element between users and the database system, facilitating
mutual understanding. Both humans and Al are rewarded
based on their agreement, positioning them as equals
with their respective methodologies for understanding and
reasoning.

These examples illustrate that, in contrast to earlier groups,
the degree of human freedom is significantly greater in this
integration level. While all members share the collaboration’s
goals, they actively cooperate to achieve them. The next
level of integration involves utilizing humans as the reasoning
element within the collaboration.

E. HUMANS REPLACING THE ARTIFICIAL REASONER OF
THE SYSTEM

In this collaboration group, users act as the primary reasoning
element of the system, effectively replacing the AI’s reason-
ing capabilities through an interface that equips them with
the necessary tools to solve problems. The design of this tool
varies depending on the specific problem, and the interface
is automatically updated when users modify the data. This
decision-update process is iterative, enabling users to engage
in their own reasoning work. In this group, humans are the
sole members with decision-making authority, creating an
unbalanced dynamic within the system. Table 5 summarizes
several examples of collaborative projects within this group,
highlighting their key shared characteristics.

For instance, Kartoun et al. developed a classification
system for clinical narrative notes to determine patients’
smoking status [285]. In this project, the Al pre-processed the
data by removing all non-smoking narratives and then utilized
a random sample to allow humans to evaluate the selected
instances.

Another example is provided by Wiethof et al., who
created an interface that alerts customer service employees
to tasks that may cause delays or be overlooked, thereby
improving work efficiency [287]. This agent learns from
users’ behaviors to provide timely alerts, but ultimate
decision-making authority remains with the human agents.
Both expert and non-expert customer service employees
evaluate the agent’s recommendations.

In addition, Talbot et al. engaged users in constructing
an ensemble classifier, which combines several classifiers to
create one that outperforms its individual components [286].
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To facilitate this process, they designed a visually interactive
interface using the confusion matrix technique, enabling
users to explore and combine individual classifiers effec-
tively.

Similarly, Ankerst et al. developed a system that allows
non-expert users to create a decision tree [284]. They
employed a pixel-oriented technique known as Squarele Seg-
ments [288] for intuitive visualization of high-dimensional
data, which enhances users’ understanding of the classifi-
cations and the data involved. Additionally, they designed a
system where users can build a machine-learning algorithm
through a visual interface [283]. In this case, users have the
ability to label data, edit and select features, and view various
statistical metrics, such as the confusion matrix, to assess
model performance. While this approach enhances users’
comprehension of the output and the underlying data, it is
important to note that human capacity to detect patterns
in large datasets is limited compared to artificial intelli-
gence [38], [236]. This limitation underscores the necessity
of achieving the right balance in collaboration, where each
participant contributes according to their strengths.

Overall, this integration level is characterized by position-
ing humans as the reasoning element within the collabo-
ration, granting them the highest level of decision-making
authority compared to all other levels discussed in this
work. Furthermore, an interface facilitates communication
among members at this integration level. This framework
emphasizes the importance of human agency in collaborative
systems, highlighting that effective collaboration requires not
only advanced tools but also a clear understanding of the roles
and responsibilities of each participant.

VIi. DESIGN PRINCIPLES

This section defines the essential design principles that
must be considered during the design phase of a human-
Al collaboration system. The design principles that are
not directly relevant to promoting such collaborations are
excluded. These principles are described based on their
impact on collaboration within the system. It is important
to note that these principles are part of a broader set
of considerations for effective, sustainable, and ethically
sound technology design [186], [289]. However, the focus
of this work is solely on those principles that are vital
for establishing mutually beneficial collaboration where
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all participants feel comfortable, integrated, and actively
engaged in the process.

Based on a review of the literature, the following design
principles have been identified: Adaptation & Customization,
Trust & Explainability, Engagement, and Communication
& Feedback. A detailed description of each principle is
provided, emphasizing their relevance to the integration of
human participants. Moreover, practical examples illustrating
the application of each principle in real-world scenarios are
included to enhance understanding and implementation.

A. ADAPTATION & CUSTOMIZATION

Adaptability is the capacity to alter behavior based on an
assessment of the environment. In a collaborative context,
this involves modifying the initial approach according to
the actions of other agents and the capabilities of each
team member. Consequently, adaptability encompasses com-
munication, perception, and an interactive process [290].
According to Li et al., the success of a collaborative system
depends on the members’ ability to work together and adjust
their strategies to achieve mutually beneficial outcomes
while completing tasks [291]. This flexibility is essential for
members to adapt to one another in a complementary manner.
To demonstrate this, Li et al. developed an adaptive agent
capable of identifying and selecting the most complementary
policy based on the actions observed from the human partner.
Their findings indicate that performance improved with the
adaptive approach compared to non-adaptive agents. This
experiment supports the notion that agents must comple-
ment each other by adapting their behaviors to enhance
collaboration.

Furthermore, adaptability is essential for collaboration as it
enhances human performance, reduces fatigue, and increases
the effectiveness of outputs [34], [277]. This assertion was
evaluated by Buehler et al., who explored the relationship
between human reciprocal cooperation and its correlation
with collaborative performance [292]. The results suggest
that the cooperative behaviors of an automated agent can
significantly influence human cooperativeness. Participants
demonstrated greater resource sharing and improved per-
formance when working with a high-cooperation agent
compared to a low-cooperation agent. However, it is crucial
for the automated agent to calibrate cooperation within the
system to avoid inefficient use of resources.

The adaptation of one agent depends on the adaptability
of the other. Many authors postulate that adaptation should
occur for both human and AI agents [262]. A common
approach is the mutual adaptation technique, which asserts
that both agents must continuously adjust their behavior
based on each other’s actions [293]. Nikolaidis et al. focus
on achieving mutual adaptation without compromising user
trust, aiming to balance task execution with computational
accuracy and the maintenance of user trust [262], [263].
Other authors offer different perspectives on this concept.
For instance, Xu et al. examine adaptation from the agent’s
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viewpoint, suggesting that mutual adaptation could enable
the agent to manage flexible mappings between human
instructions and agent actions [269]. They developed formal
conditions and demonstrated that effective collaboration
requires enabling the mutual adaptation phenomenon. Key
elements include the continuous adaptation of each agent
to the actions of the other and the necessity for agents
to express their internal states. Both experiments, along
with their respective developments, have proven superior
to one-way adaptation strategies while maintaining user
confidence in the progress of collaboration. This aligns
with the work of Zhou et al.,, which establishes mutual
adaptation in unstructured environments that promote mutual
communication and adaptation [272].

Despite these considerations, effective collaboration
between humans and machines requires not only behavioral
changes but also the accuracy of those changes. This
knowledge is acquired through the co-learning process inher-
ent in their interactions [294]. Consequently, an approach
based on the co-learning process is essential for fostering
effective human-Al collaboration. In this context, Van
Zoelen et al. examine co-learning patterns in human-robot
collaboration [295]. They assert that the initial step of co-
learning is co-adaptation, defined as partners adjusting their
actions to align with both the task and each other. This
research identifies a list of recurring interaction patterns
applicable to stable situations as well as those requiring
sudden adaptation (changes in behavior occurring over
short periods). In stable situations, patterns include actively
coordinating actions or working while waiting for a team
member. In contrast, sudden adaptation situations may
involve confusion regarding the agent’s behavior or strategy,
attempts to communicate, or feelings of isolation without
providing assistance to the agent. Alternatively, Tahboub
et al. present a different perspective, advocating that co-
adaptation and co-learning occur simultaneously during
collaboration [280]. They propose and demonstrate that
reinforcement learning (RL) strategies, particularly those
utilizing policy gradients, effectively fulfill the requirements
of co-adaptation due to their capacity for iterative learning
from interactions in dynamic environments.

To facilitate mutual adaptation, it is essential to study
humans’ ability to adapt rather than solely focusing on the
benefits of achieving mutual adaptation. Although several
studies have concentrated on how robots should adapt
during collaboration [296], a new paradigm is emerging that
seeks to understand how human adaptation evolves through
interactive collaboration [293]. The primary objective is to
learn how this process occurs to incorporate this knowledge
into the artificial agent, resulting in more adaptive behavior
during collaboration.

For instance, in addition to developing a navigation
collaboration system in which each agent possesses partial
information, Mohammad et al. investigate the evolution
of human adaptation in collaborative settings [297]. Their
findings demonstrate that the human adaptation rate is not
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fixed; it begins with a non-adaptive phase, during which
users attempt to discover the robot’s capabilities. Following
this initial phase, users enter an adaptation phase, which
is influenced by their perception of the robot’s ability to
complete the task. This second stage is particularly evident
among users with high expectations. Consequently, the time
required for users to adjust their behavior is contingent
upon their perception of the robot’s capabilities. Similarly,
Nikolaidis et al. develop a robot model that accounts for
human perceptions of the robot’s capabilities, allowing the
robot to choose between actions that reveal its abilities
to the user and actions that are optimal based on the
available information [282]. This model adapts its actions
based on the understanding that user adaptation is influenced
by perceptions of the robot’s capabilities. Their research
indicates that considering the human perspective enhances
human-AlI collaboration compared to policies that assume the
human will fully adapt to the robot. In another collaboration
paradigm, Van Zoelen et al. study how humans adapt to
continuous leadership shifts in human-robot collaboration
and how this influences their trust and understanding [298].
They demonstrate that, over time, humans develop a greater
appreciation for collaboration when they assume less of
a leadership position. This decision is influenced by the
human’s perception and confidence in the robot’s capacity to
complete the assignment.

Customization is a fundamental aspect of human-AlI col-
laboration, enabling the system to adapt to user preferences
and requirements. This personalization can be achieved
through various techniques, including user feedback, user
modeling, and reinforcement learning, among others [299].
For example, ChatGPT utilizes prior user input to generate
more customized responses [151], [174], [300], [301]. The
level of customization varies according to the context, goals,
and learning techniques employed. Personalization has been
extensively explored in the development of recommender
systems [302], [303], [304]. However, predicting user
acceptance of novel recommendations remains a signifi-
cant challenge. Additionally, customization in recommender
systems may raise concerns regarding user privacy [305].
Balancing diversity, user engagement, and privacy constraints
is therefore essential. Techniques proposed by Kelly et al.
focus on enhancing exploration without deviating from the
system’s core objectives [306]. In this context, recommender
systems can adjust aspects such as suggestion timing, the
number of recommendations, and other factors to maintain
user engagement while ensuring a balance between exploring
new preferences and adhering to the system’s goals [307].
This adaptive strategy helps ensure that recommendations
align closely with user preferences and system objectives,
ultimately enhancing the overall user experience.

B. TRUST & EXPLICABILITY
Understanding the role of trust in engaging humans in
collaboration, as well as how trust is influenced during
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interactions, is crucial for establishing and promoting
effective and productive collaborative relationships between
humans and AI [308], [309]. This understanding is vital
throughout all phases of collaboration, beginning with the
design of the system and continuing through its ongoing
interactions with the user. For instance, Yang et al. indicate
that the level of human involvement in the machine learning
(ML) development process significantly impacts their trust in
the models [56]. Additionally, in the interactive collaboration
process, initial interactions play a critical role, as demon-
strated by Tolmeijer et al. [310]. Their findings suggest that
if the initial interactions between humans and these systems
fall below expectations, it can negatively affect user adoption.
Trust, however, is not a static concept; it evolves over the
course of interactions. In this process, it is essential for the
system to maintain human trust without diminishing it [263],
[282] or exceeding it beyond reasonable limits throughout the
collaboration.

For these reasons, human trust is a fundamental fac-
tor in effective collaboration, particularly when assessing
the appropriate level of trust required by users in the
decision-making process [311], [312]. A lack of user
trust can hinder their willingness to participate, negatively
affecting the adoption of intelligent systems [313]. For
instance, Yang et al. analyze how users perceive different
tracking devices, noting that perceptions of accuracy can
vary depending on individual expectations and personal
circumstances [94]. Furthermore, Zerilli et al. highlight
that a user’s limited understanding of how these devices
function, including data collection and measurement cal-
culations, can significantly influence their perception of
accuracy [314]. Therefore, human-Al systems should pri-
oritize fostering effective and transparent collaboration and
communication.

The concept of explicability and the emphasis on inter-
active processes stand in contrast to the ‘“black box”
nature that AI and machine learning (ML) systems may
exhibit when human knowledge is not integrated into their
problem-solving processes [212], [315], [316]. This lack of
transparency has significantly influenced Al development by
increasing human aversion and diminishing user trust [317],
[318]. Providing explanations enables users to gain a clearer
understanding of the machine’s behavior, identify potential
limitations and errors in its reasoning patterns, establish a
sense of control, and modulate their level of trust in the
technology [27], [32]. Empirical findings from Yang et al.
suggest that incorporating interactive processes can lead to
greater confidence among non-experts in learning outcomes,
particularly when explainability is prioritized [56]. This
indicates that when users engage with ML systems, it is
crucial for them to comprehend how the system reaches its
conclusions in order to trust its decision-making processes
and provide accurate feedback [32]. Enhancing explicability
without compromising computational performance presents
a significant challenge for the development of Al-generated
content (AIGC) technologies [27].
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Achieving an appropriate level of explicability in Al
systems is also essential. Overly detailed explanations can
distract users and may negatively impact their trust in the
system. Conversely, the inability to understand a given
explanation can lead users to lose trust in the system pre-
maturely and unjustifiably [196]. Therefore, finding the right
balance between user engagement, the amount of explanation
provided, and the necessary human effort is crucial to
maintaining user trust within appropriate boundaries [319].

Additionally, it is essential for communication tools within
interactive systems to establish a bi-directional communica-
tion channel and to consider how these tools are presented
to users [32]. In this context, McCallum et al. investigated
the role of user-driven feature representation in systems,
revealing that users often have a limited understanding
of the impact of their contributions to the model [80].
Similarly, Amershi et al. examined the potential advantages
of collaborative approaches that allow users to assess the
quality of the model and decide on further inputs, enhancing
both user experience and the learning system itself [86]. They
concluded that further research into new interaction methods
is necessary to determine whether user influence on the model
can indeed lead to more effective systems. Meza et al. also
emphasized the importance of evaluating different forms of
interaction and their impact on user trust, highlighting the
need for a deeper understanding of these dynamics at this
stage [320].

In summary, the interactive nature of collaborative solu-
tions contributes to building trust in Al systems by increasing
user involvement in the decision-making process and enhanc-
ing their understanding of how Al functions [321]. Overall,
factors such as user perception of accuracy, system learning
progress, explainability, the level of user integration, and
the interactive nature of collaboration significantly influence
user trust in these systems. These aspects should be carefully
considered in the development of future collaborative tech-
nologies.

C. ENGAGEMENT

Lowering the barriers that hinder effective interaction
between humans and technology is a primary challenge in
promoting collaboration between them [322]. Indeed, the
collaboration between humans and Al involves active partici-
pation to create a joint environment where they work together
to achieve a common goal. However, motivating users to
collaborate over an extended period can be challenging and
requires considerable involvement. In addition®* ** there
may not always be a perceived value produced. For instance,
in an experimental evaluation by Masson et al. on user
involvement with Al systems, participants initially took an
active role in data capture [323]. Still, eventually, most of
them quit due to the significant time required, poor accuracy,
and perceived lack of reward. In this line, Ramos et al. delved
into user willingness to interact with a deployed system and
determined that it may vary with context, task, and individual
characteristics [324].
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These concepts of involvement, interest, and attention
relate to the idea of engagement, which is crucial in human-
agent interaction as it is usually a prerequisite for the
objective of the interaction [325]. Hence, engagement with
Al systems is vital for comprehending the user’s role and,
consequently, enriching this relationship and enhancing user
experience [86]. In this context, user engagement refers to the
degree of involvement, interaction, and emotional connection
a user has with an Al system or technology [326]. From
the AI agent’s perspective, engagement can be viewed as
the goal of maintaining user interactions. From the human
perspective, engagement goes beyond just the functional use
of the system; it refers to the user’s active participation and
willingness to continue using the system [327]. Oertel et al.
reviewed previous efforts addressing the relevance of engage-
ment in human-Al interaction from both perspectives [328].
According to them, knowing the level of user engagement
can be advantageous for customizing agent behavior and
gauging the quality of interaction and user satisfaction with
the system.

At the same time, the perception of relevance is also pivotal
for promoting user engagement, as users need to feel that their
inputs contribute to the system’s value [64]. In this regard,
reducing the effort to interpret outputs and express feedback
about the potential outcomes of the provided inputs may
enhance user engagement. For this reason, it is essential to
maintain a good trade-off between the efforts made and the
perceived value of such efforts. Therefore, in the context of
human-AlI collaboration, user engagement also encompasses
the level of communication and transparency perceived from
the AI system [329]. These conclusions highlight the need
for increased collaboration between AI/ML and HCI design
research fields. In this line, other scholars have evaluated such
engagement practices to reduce the effort needed to cooperate
with the system. Those efforts aim to support the iterative
design, development, and dissemination processes of learning
systems oriented toward conversational Al agents [330] or to
define a human-centered thinking approach to applying IML
methods [82].

In essence, user engagement is critical in ensuring that the
collaboration between humans and Al is effective, efficient,
and beneficial for both parties. An effective system needs
to actively engage users in the task being performed to
motivate them to achieve the desired outcomes of the human-
Al collaboration.

D. COMMUNICATION & FEEDBACK

The more effectively agents comprehend each other’s capa-
bilities, limitations, inputs, outputs, and context, the more
efficiently they can collaborate to achieve their shared objec-
tives [331], [332]. As Marathe et al. concluded, Al systems
must be capable of understanding the state and intent of their
human co-workers; simultaneously, humans must clearly
articulate their intentions [333]. Furthermore, it is crucial
for humans to recognize the limitations of Al; otherwise,
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they may develop unrealistic expectations regarding AI’s
capabilities, which can negatively impact their engagement,
adaptation, and trust [334], [335].

Effective collaboration necessitates bi-directional commu-
nication to establish a mutual understanding that enables
the participants to perceive each other through natural, fluid
interactions [336], [337]. In a formal sense, communication
refers to a reciprocal exchange in which team members share
messages to coordinate ideas, norms, and strategies to achieve
their collective goals [338], [339].

Several scholars have explored strategies to foster this
bi-directional communication in human-Al systems. For
example, Holder et al. provide an overview of best practices
and challenges in establishing bi-directional transparency
at various stages of the human-Al-robot systems (HARTS)
lifecycle [331], [340]. Similarly, Koop et al. apply principles
of human-to-human communication as the foundation for
developing effective human-Al interactions [341]. They
argue that agents should engage in cooperative and incre-
mental dialogue construction with human users, supported
by AD’s coordination mechanisms. They advocate for the
next phase in human-Al communication research to focus on
developing agents with the capacity to intertwine incremental
metacognitive processes with socio-communicative behav-
iors, enabling them to co-create seamless interactions and
rectify misunderstandings, misinterpretations, and dialogue
interruptions.

Building on this concept, McCamish et al. have introduced
a collaborative communication approach that implements
a formal framework for representing and understanding
information needs in database querying, aiming to develop
a mutual language for representing these needs [259],
[260]. This mutual language allows users to articulate
their intentions precisely when querying databases and
simultaneously provides feedback mechanisms that help
users understand whether their intentions align with the AI’s
responses. Their findings indicate that users tend not to
explore alternative methods once they discover a reliable
way to express their intentions. Moreover, Hanna et al.
developed a communication model called Speech Act Theory
(SAT), which explores how utterances can facilitate actions
in collaborative dialogues [342]. This model also examines
the influence of human perceptions of Al speech acts on
collaborative performance, showing that a positive human
perspective is associated with the AI’s ability to articulate
its intentions in a comprehensible manner, thereby promoting
mutual communication.

When addressing communication scenarios, the agent’s
initiative, or proactive communication capabilities, is also a
critical factor. Zoelen et al. developed proactive communica-
tion techniques to enable more fluid human-AlI collaboration
by using context and adaptability to guide communication
strategies [343]. They demonstrated that technology trained
to communicate proactively outperforms those without such
capabilities, especially in dynamic environments like disaster
scenarios or military decision-making, where adaptability
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and re-planning are essential [344]. Ramchurn et al. further
exemplified this concept by showing that proactive agents
empower users to decline tasks, request information, and
communicate preferences, while also allowing the Al to
inquire about task statuses as needed [207]. This dynamic
enables both parties to initiate communication when appro-
priate, fostering a deeper understanding of each other’s
perspectives.

Chatbots, as conversational agents, have evolved signif-
icantly in recent years, enhancing their ability to simulate
human interactions through text, voice, and visual com-
munication [27], [345]. These advancements have led to
personalized and engaging conversational experiences that
can provide on-demand health interventions, among other
services [346]. As Al technologies continue to progress,
we can anticipate even greater improvements in chatbot
capabilities, enabling them to handle increasingly complex
tasks and offer more valuable user assistance [227].

Feedback is a crucial element in human-Al collaboration,
serving as the primary mechanism through which each agent
communicates its internal state in response to its partner’s
actions. Selecting the appropriate feedback type for the
human collaborator is essential for fostering co-adaptation
and co-learning within the partnership [347]. Knox et al.
illustrated the significance of robot feedback through their
work on TAMER, a robot that learns behaviors based
on human numerical feedback in navigation tasks [348].
Other studies have examined the role of feedback in
dialogue, emphasizing the importance of providing users
with clear indications of progress, which helps to meet their
expectations during collaborative interactions [349]. These
studies identify several feedback states—ready, processing,
reporting, busy-no-response, and busy-delayed-response—
that Al systems can simulate to manage communication
effectively.

Finally, it is important to consider how feedback influences
an AI’s behavior relative to its current contextual knowledge
versus the information provided by the human collaborator.
Misinterpretations in feedback can arise due to the user’s per-
sonal circumstances rather than the AI’s actual performance.
Therefore, effective communication strategies are vital for
resolving these misunderstandings and correctly interpreting
the feedback to enhance the collaborative process.

VII. DISCUSSION

The rapid advancement of technology has propelled Al
progress far beyond our wildest imaginations. We now
possess the necessary components to shape a future
where human-Al collaboration becomes remarkably feasible.
However, this evolution demands thoughtful consideration.
Humans must be integral, active participants with decision-
making authority to ensure responsible integration. Conse-
quently, this collaboration cannot be approached haphazardly.
Careful consideration of essential human factors is vital
to our collaborative approach. These factors underpin the
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design, emphasizing the need for meticulous and mindful
implementation of this alliance.

Traditional research in various facets of collaboration has
often occurred in isolated silos, leading to inherent biases
in adaptive system design and user evaluation. These biases
emerge from overlooking the impact of the system’s com-
munication style and interaction methods on user comfort.
A narrow focus on adaptation alone creates an incomplete
picture; users assess not only the system’s adaptability but
also its communication style, proactive engagement, and
integration within the broader system context. Adopting
a global perspective is paramount for a comprehensive
understanding of human-AI systems.

This review paper aspires to foster collaborative develop-
ment across distinct research domains, exploring their inter-
connections and influence on human users. New inquiries
will emerge, delving into the selection of interaction types
and Al system adaptability based on user integration levels.
A joint view will generate fresh research queries, shedding
light on how each collaboration facet impacts user integration
and engagement. This approach allows us to probe how the
interplay among diverse collaboration components shapes
the user experience. Additionally, this understanding will
guide future advancements, informing decisions regarding
user integration and engagement strategies while maintaining
awareness of their interrelated nature.

It is crucial to recognize that the influence of these
collaborative advancements extends beyond the immediate
characteristics of collaboration. Enhanced user comfort with
these systems will foster increased crowd-sourcing and
participation in computer science research, empowering users
to engage more actively.

This unified vision can serve as a guiding principle across
diverse disciplines, encouraging active user involvement in
collaborations. Such an approach facilitates the harmonious
merging of Al and human knowledge, fostering a comfort-
able, trustworthy, and enduring partnership. By embracing
this perspective, we pave the way for a future where human-
Al collaboration transcends boundaries, creating seamless
synergy that empowers both parties and fuels innovation
across various domains.

VIil. CONCLUSION

In this work, we have explored the different roles and levels
that lead to the integration of humans in the learning and
decision loop of intelligent systems. In addition, we presented
several design principles that must be considered in the
design phase to create a balanced collaboration. This work
focuses exclusively on these principles, which are vital to
establishing a mutually advantageous collaboration where
all participants experience a sense of comfort, integration,
and active engagement in the collaborative process: trust,
engagement, communication, feedback, penalization, and
adaptation. All these factors significantly impact human
perception and willingness to participate in collaborative
efforts.
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Furthermore, we have generated our insights based on a
comprehensive review of research fields related to human-Al
collaboration, aiming to create a holistic view of this concept
and the essential (human and system) requirements. Based
on the reviewed works, future implementations of intelligent
systems must integrate interactive, inclusive, engaging,
adaptive, bidirectional communication, and trust mechanisms
to promote equal and seamless collaboration. To achieve this,
future interactive intelligent systems should be designed in
accordance with a global vision of all aspects of human-
Al collaboration. With this work, we aim to contribute to
establishing the foundation for a more human-centered vision
of collaboration between humans and Al, making it more
effective, efficient, and beneficial for both parties.
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