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1.� Human-machine co-adaptation is not a gradual change of collaborative behavior,
but is characterized by the emergence of stable strategies (Collaboration Patterns)
and sudden adaptations (Chapter 2, 3 and 4).

2.� Achieving successful human-machine co-learning requires a common, grounded
representation of collaborative behavior (Chapter 6).

3.� An AI-system does not need a formal model of its human team partner to properly
adapt its behavior to that partner (Chapter 3 and 4).

4.� Humans like to control their machines as tools, whereas making machines true
team partners requires humans to accept machine superiority on certain aspects
(Chapter 6, (Bosch et al., 2025)).

5. The average human does not exist: in human-machine interaction design and
research, we need to focus on the uniqueness and individuality of each human
rather than categorizing them.

6. The lack of a common vocabulary in human-machine collaboration research makes
it impossible to develop a shared research paradigm.

7. AI-powered team partners should not be designed to mimic human behavior, but
should instead be designed to re�ect their own capabilities.

8. Being social does not require facial expressions or verbal communication.

9. Publishing the lessons learned in the process of designing research environments
is a valid scienti�c contribution and should be a requirement of any HCI, HRI and
HMC study, to prevent redundancy in scienti�c work.

10. The abundance of utopian and dystopian AI futures in the public discourse hin-
ders the development of human-centered and responsible AI.

These propositions are regarded as opposable and defendable, and have been approved
as such by the promotor prof. dr. M. A. Neerincx, the copromotor prof. dr. D. A. Abbink

and external adviser dr. K. van den Bosch.

� Pertains to this dissertation.
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SUMMARY

Intelligent machines (in the form of physically embodied robots or virtual agents) are
increasingly able to perform tasks in collaboration with humans. However, learning to
become a good team takes time, especially when dynamic tasks require the team to con-
stantly adapt to new situations. Over time, both human and machine need to not only
learn how to execute the task, but also how their team partner behaves in the task, as
well as how to improve their collaboration over time by attuning their behavior to each
other. Existing research on human-machine collaboration often does not suf�ciently
address adaptation and learning. Work that does study adaptation and learning tends
to focus on either machine learning and adaptation or human learning and adaptation,
thereby not addressing the interaction of these learning processes that would be present
in a co-learning situation.

The aim of this thesis is to understand how collaborative behaviors develop when
an adaptive human and an adaptive machine (either physical or virtual) co-adapt in an
interdependent task, and to �nd out how we can facilitate that this process yields �uent
and successful collaboration. More speci�cally, we investigate whether providing hu-
man and machine with the means to develop and maintain a shared mental model of
successful emergent collaborative behaviors supports the team in learning to collabora-
tively perform a dynamic task (co-learn).

We studied the development of collaborative behaviors as a result of co-adaptation
in a setting with a Wizard-of-Oz physically embodied robot (Chapter 2), in a setting with
a virtual Reinforcement Learning (RL) powered virtual agent (Chapter 3), and in a setting
with a physically embodied RL-powered robot (Chapter 4). We found that co-adaptation
usually does not happen gradually, but rather that different strategies (Collaboration Pat-
terns) emerge during interaction. The team usually engages in each of these Collabora-
tion Patterns for a while. Events in the task environment can trigger the team to sud-
denly shift to another Collaboration Pattern. In the studies with RL-powered machines
(Chapter 3 and 4), we observed that these emergent Collaboration Patterns were fol-
lowed by both the human and the machine; the humans would initiate actions following
the Collaboration Patterns, while we could see it represented in the machine’s learned
policy. The human and the machine were however not always able to successfully use a
Collaboration Pattern for a prolonged period of time. Therefore, teams were sometimes
unable to achieve good performance.

In Chapter 2, 3 and 4, adaptation and learning happened in an implicit manner, and
there was no communication about the emergent CPs, which is possibly one of the rea-
sons why the human and/or machine would often deviate from a CP. Therefore, we de-
veloped an ontology model of Collaboration Patterns that could serve as a shared mental
model in which CPs could be formalized. In addition, we created a user interface to pro-
vide a way for the human to share formalized CPs with the machine (Chapter 5). This
way, once humans recognized an emerging Collaboration Pattern as �t for reuse by the

xi
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team, they could use the user interface to formalize the pattern, thereby ensuring that
the machine could execute it when applicable. In a human-subjects study, we evaluated
whether the ontology model and user interface improved human-machine team collab-
oration and performance (Chapter 6), to ultimately lead to co-learning. Results showed
that teams using it were able to improve their performance over time to a larger extent
than teams without the ontology model. This effect was, however, not maintained for
more complex task situations. Participants rated the quality of the collaboration much
more positively when using the ontology and interface, but it motivated humans to take
control by directing the machine around, thereby breaking the co-adaptive dynamic that
existed in teams without the ontology model and user interface.

In conclusion, adaptive humans and adaptive machines that need to collaborate are
able to develop emergent Collaboration Patterns, and humans are able to identify and
formalize these CPs when provided with the tools to do so. To ensure that this leads to
good team performance, they need to be able to communicate about the CPs to their
machine team partner, although there is a risk that they will use it to direct their ma-
chine team partner around. These insights ask for a way of studying human-machine
collaboration that is more process-centered, to ensure that learning algorithms are able
to follow the ways in which humans naturally engage in adaptation and learning with
machines, while machines should also be suf�ciently proactive and transparent about
their contribution to the collaboration. Our designed ontology and user interface pro-
vide a possible way to achieve communication about emergent Collaboration Patterns,
which can be used and extended by designers of human-machine collaboration to sup-
port shared mental models between humans and machines.



SAMENVATTING

Intelligente machines (fysieke robots of virtuele agenten) voeren steeds vaker taken uit
in samenwerking met mensen. Leren om een goed team te worden kost tijd, zeker als
een dynamische taak ervoor zorgt dat een mens-machine team zich constant moet aan-
passen aan nieuwe situaties. Zowel mens als machine moet niet alleen leren hoe de taak
uitgevoerd moet worden, maar ook hoe hun teampartner de taak uitvoert, en hoe ze hun
samenwerking kunnen verbeteren door hun gedrag steeds meer af te stemmen. Onder-
zoek naar mens-machine samenwerking besteedt meestal niet voldoende aandacht aan
adaptatie en leren. Studies die wel adaptatie en leren onderzoeken leggen meestal de
nadruk op alleen de machine of alleen de mens, waardoor ze geen aandacht besteden
aan de interactie tussen de leerprocessen.

Het doel van dit proefschrift is om te begrijpen hoe samenwerkingsgedragingen zich
ontwikkelen wanneer een adaptieve mens en een adaptieve machine (fysiek of virtueel)
samen leren (co-adapt) terwijl ze samenwerken aan een taak waarbinnen ze onderling
afhankelijk zijn. Daarnaast onderzoekt het proefschrift hoe gefaciliteerd kan worden dat
dit proces van samen leren leidt tot succesvolle en vloeiende samenwerking. We onder-
zoeken speci�ek of het aanbieden van een manier om een gedeeld mentaal model van
succesvol emergent samenwerkingsgedrag op te bouwen en te onderhouden het team
ondersteunt in het samen leren (co-learn) om een dynamische taak uit te voeren.

We hebben de ontwikkeling van samenwerkingsgedrag als resultaat van samen leren
(co-adaptation) bestudeerd in een situatie met een fysieke Wizard-of-Oz robot (Hoofdstuk
2), in een situatie met een virtuele Reinforcement Learning (RL)-gestuurde virtuele agent
(Hoofdstuk 3), en in een situatie met een fysieke RL-gestuurde robot (Hoofdstuk 4). We
ondervonden dat samen leren (co-adaptation) meestal niet gradueel verloopt, maar dat
verschillende strategieºn (Collaboration Patterns of patronen van samenwerking) ont-
staan door interactie tussen mens en machine. Het team voert zo’n samenwerkings-
patroon meestal gedurende een bepaalde tijd uit. Gebeurtenissen in de taakomgeving
kunnen ervoor zorgen dat het team plotseling wisselt naar een ander samenwerkingspa-
troon. In de studies met RL-gestuurde machines (Hoofdstuk 3 en 4), observeerden we
dat deze emergente samenwerkingspatronen gevolgd werden door zowel de mens als de
machine; de mensen initieerden acties die pasten binnen de samenwerkingspatronen,
en we konden zien dat de patronen gerepresenteerd werden in het geleerde gedrag van
de machine. Het lukte de mens en machine echter niet altijd om een samenwerkings-
patroon een langere periode vast te houden en te gebruiken. Daardoor lukte het teams
soms niet om een goede score te behalen voor de gezamenlijke taak.

In Hoofdstuk 2, 3 en 4 verliep adaptatie en leren impliciet, en was er geen communi-
catie over emergente samenwerkingspatronen. Dit is mogelijk ØØn van de redenen waar-
door de mens en/of machine vaak afweken van een samenwerkingspatroon. We hebben
daarom een ontologiemodel van samenwerkingspatronen ontwikkeld, wat kan functio-
neren als gedeeld mentaal model waarin samenwerkingspatronen kunnen worden ge-

xiii
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formaliseerd. Daarnaast hebben we een gebruikersinterface ontworpen waarmee de
mens geformaliseerde samenwerkingspatronen kan delen met de machine (Hoofdstuk
5). Mensen kunnen via de gebruikersinterface samenwerkingspatronen, die zij geschikt
vinden voor hergebruik, formaliseren om ervoor te zorgen dat de machine deze ook
uit kan voeren wanneer het samenwerkingspatroon toepasbaar is. We hebben onder-
zocht of het ontologiemodel en de gebruikersinterface de samenwerking en prestatie van
een mens-machine team verbeterden (om uiteindelijk tot co-learning te komen) in een
proefpersonenonderzoek (Hoofdstuk 6). De resultaten lieten zien dat teams die gebruik
maakten van het ontologiemodel en de gebruikersinterface in staat waren om hun team-
prestatie over tijd sterker te verbeteren dan teams die het ontologiemodel niet konden
gebruiken. Dit effect hield echter geen stand in complexere taaksituaties. Proefpersonen
beoordeelden de kwaliteit van de samenwerking veel positiever wanneer ze het ontolo-
giemodel en de gebruikersinterface konden gebruiken, maar het zorgde er ook voor dat
mensen meer controle uitoefenden op de machine door speci�eke taken voor de ma-
chine te formuleren. De wederzijdse adaptieve dynamiek die wel bestond bij de teams
die geen gebruik konden maken van het ontologiemodel en de gebruikersinterface werd
hierdoor doorbroken.

We concluderen dat adaptieve mensen en adaptieve machines die moeten samen-
werken in staat zijn om emergente samenwerkingspatronen te ontwikkelen, en dat men-
sen in staat zijn om deze samenwerkingspatronen te identi�ceren en formaliseren wan-
neer zij de juiste hulpmiddelen hiervoor aangereikt krijgen. Om ervoor te zorgen dat
dit leidt tot een betere teamprestatie moeten ze de mogelijkheid hebben om over de sa-
menwerkingspatronen te communiceren met hun team partner (machine), hoewel er
een risico is dat ze het zullen gebruiken om volledig te bepalen wat de machine moet
doen. Deze inzichten vragen om een manier van bestuderen van mens-machine sa-
menwerking die meer nadruk legt op het proces van samenwerking, om ervoor te zorgen
dat leeralgoritmes in staat worden gesteld om de manieren waarop mensen van nature
adapteren en leren met machines te volgen. Tegelijkertijd moeten machines voldoende
proactief en transparant zijn over hun bijdrage aan de samenwerking. Ons ontologiemo-
del en gebruikersinterface bieden een mogelijke manier om communicatie over emer-
gente samenwerkingspatronen teweeg te brengen. Deze kunnen gebruikt en uitgebreid
worden door ontwerpers van mens-machine samenwerking om gedeelde mentale mo-
dellen tussen mens en machine te ondersteunen.
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Imagine a situation in which you need to collaborate with people you have not met be-
fore. For example, there has been an earthquake in a mountainous area, and you are
part of a foreign rescue team that needs to collaborate with local rescuers in �nding and
saving people trapped underneath collapsed buildings. The local rescuers have a differ-
ent cultural background, and therefore have different manners and customs than what
you are used to. Communication might be limited to gestures and basic words. Although
collaborating with local rescuers will not be an easy endeavor, it will not be impossible.
An implicit shared understanding of what actions need to be done serves as a frame of
reference to try to understand each other. Over time, possibly quite quickly, you will start
experimenting with adapting your behavior, while the others adapt as well. As a result,
you will develop ways of working together: sequences of joint or distributed actions that
work well enough to be successful. Along the way you might sometimes get frustrated
and feel tempted to give up and disengage. There will be hiccups and misunderstand-
ings, but if you persevere, it is quite likely that you will be able to compensate for each
other’s limitations by adapting your behavior and making it work. Along the way, you
and your partners will learn about each other in different ways; you will learn when (and
when not to) rely on each other’s actions and thus when to delegate or take initiative. Due
to this collaborative learning process, collaboration can become more �uent over time.
Especially if you and your partners manage to develop ways to communicate about the
planning, execution, and evaluation of collaborative actions, whether through gestures,
new words, or other means, this could very well be the start of a fruitful longer-term
collaboration.

Now imagine that the partner you need to collaborate with is not human. You may
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think of a guide dog that helps you navigate through busy traf�c (Lagerstedt and Thill,
2020), or a horse you are riding, avoiding trees while speeding through a forest (Flemisch
et al., 2003). To some extent, the process of learning to collaborate with an animal will
be similar to collaborating with a human: both the animal as well as you will have their
own understanding of what needs to be done. This understanding needs to be aligned
over time by reciprocally adapting actions. Learning to communicate about these ac-
tions is more challenging, because you will not know what the animal can and cannot
understand when it comes to gestures and words, and because your understanding of
what the other knows about the task and about you will be more limited compared to a
human partner. Throughout history, humans have collaborated with animals in many
different ways. These collaborations are successful because the humans adapted their
ways of working to the needs of the animals, while the animals adapted their behavior
to the wishes of the humans, to develop new practices and solutions for tasks (Darling,
2021). But what if the partner is not an animal, but an intelligent machine, like a robot
or an algorithmic system? As intelligent machines enter our lives at work and in pri-
vate and public spaces, they will interact with humans more intensely, making humans
and machines collaborators (Ajoudani et al., 2018; Akata et al., 2020). While inspiration
can be taken from human-human and human-animal collaboration, collaborating with
a machine could be a fundamentally different form of collaboration.

1.1. MUTUAL ADAPTATION AND LEARNING IN HUMAN-MACHINE

COLLABORATION: A RESEARCH CHALLENGE

A CHIEVING successful collaboration between a human and a machine is an impor-
tant research challenge in the �elds of arti�cial intelligence, human-computer in-

teraction and human-robot interaction (Ajoudani et al., 2018; Akata et al., 2020; Klein
et al., 2004; Mackay, 2023). Adaptation and learning are key concepts to be considered
in this challenge. Becoming a good team takes time; especially if dynamic tasks require
the team to constantly adapt to new situations (Burke et al., 2006). In such situations,
human and machine should adapt to and learn from each other in the context of their
task, and develop ways to orchestrate and synchronize their actions to collaborate suc-
cessfully (van den Bosch et al., 2019).

When a learning and adaptive human collaborates with a learning and adaptive ma-
chine, this can lead to the emergence of new practices and new ways of collaborating, in-
spired by how this happens among human collaborators. For example, they can develop
different roles (e.g. leader-follower behavior, or completely new machine-speci�c roles)
(Mörtl et al., 2012; Zoelen et al., 2020) and different ways of anticipating and taking initia-
tive (Jiang and Odom, 2018). Mutual adaptation can support a collaborating human and
machine to develop a high level of implicit knowledge about each other, by providing
them with the opportunity to gather knowledge about how the other behaves in differ-
ent situations. With implicit knowledge I mean that they can anticipate and respond to
the other’s actions (van den Bosch et al., 2019), without having explicit awareness of the
reasons for such anticipatory or responsive actions. To ensure that team members learn
sustainably, it is then necessary that they become explicitly aware of the learned knowl-
edge such that they can build up a shared mental model of their collaboration (Andrews
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et al., 2023; Uitdewilligen et al., 2013).
There are many machine-focused studies on how machines adapt and learn when

collaborating with a human, mostly evaluating different kinds of Machine Learning (ML)
algorithms (e.g. Buschmeier and Kopp, 2013; Ehrlich and Cheng, 2018; Gao et al., 2017).
There are also human-focused studies into how humans adapt and learn when collab-
orating with a machine (e.g. Kumar, 2024; Mohammad and Toyoaki Nishida, 2008). It
is however vital to also study how humans and machine learn together, simultaneously.
Ensuring that both human and machine can successfully adapt and learn concurrently,
presents an important scienti�c challenge (Ansari et al., 2018; Holstein et al., 2020; Pepe
and Hutchison, 2022; van den Bosch et al., 2019; Wenskovitch and North, 2020; Xu et al.,
2012).

This thesis presents research on the process of mutual adaptation and learning be-
tween a human and a machine, for which I use the term Human-Machine Co-Learning.
Co-learning is the process that facilitates human and machines to adapt their behavior
to the situation, that enables the emergence of effective Collaboration Patterns (CPs),
and that facilitates that these CPs can be consolidated. The aim of this thesis is twofold:

1. To better understand the characteristics and behavioral dynamics of co-learning
between a collaborating human and machine;

2. To investigate how to facilitate that co-learning leads to �uent and successful col-
laboration. More speci�cally, to study how human and machine can be provided
with the means to develop shared representations of (and thereby consolidate)
their emergent patterns of collaboration while performing the task .

The following sections discuss literature on Human-Machine Teams and Hybrid Intel-
ligence, speci�cally work related to adaptation and learning (human learning, machine
learning, and co-learning). Moreover, I will provide insights from the literature on adap-
tation and learning in human-human collaborators, and relate this to human-machine
co-learning. After that, I will explain the research approach and address the relevant
research questions and contributions of this thesis.

1.2. BACKGROUND
1.2.1. ADAPTATION AND LEARNING IN HUMAN COLLABORATORS

A NY real-life task is bound to exist in a dynamic environment, as the world is ever
changing. Therefore, humans who collaborate as team partners on real-life tasks

will need to be able to adapt to changes, whether those appear in the task itself or in
their team members. In organizational psychology, this process is described by the term
‘Team Adaptation’ (Burke et al., 2006). While exact de�nitions of Team Adaptation vary
(Maynard et al., 2015), it is generally de�ned as a process within which a team changes
team structures and actions as a result of certain cues or triggers, that ultimately leads to
changes in team performance. Team adaptation is widely considered to have positive ef-
fects on team performance, although unsuccessful adaptation can have negative effects
on team outcome (Maynard et al., 2015). An important aspect in ensuring sustained
success of team adaptation is the creation of shared mental models and joint mental
model updating (Uitdewilligen et al., 2013). Joint mental model updating is the process
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through which team partners update and align their mental representations of the task
and their collaborative structures (Andrews et al., 2023; Uitdewilligen et al., 2013). The
process of updating mental models is sometimes distinguished from Team Adaptation
using the term ‘Team Re�ection’ (Wiedow and Konradt, 2011) or ‘Team Learning’, in-
dicating a difference between the more implicit and ad hoc adaptation and the more
explicit and cognitive re�ection or learning. Literature on Team Learning emphasizes
that it contains activities such as sharing, co-construction and constructive con�ict (De-
cuyper et al., 2010); all activities within which team members explicitly re�ect on and
discuss their team knowledge and behavior that may have been implicit before. It can
therefore be concluded that while implicit behavioral adaptations are at the basis of how
human-only teams learn, re�ecting and communicating about their learned behaviors
is key to achieving successful learning.

In this thesis, I explore how implicit adaptation as well as explicit communication
about learned behaviors develop in human-machine collaboration. While this is a rela-
tively natural process for collaborating humans (although not always easy), it is impor-
tant to study mutual adaptation and learning for collaborating humans and machines.
Humans and machines can have different ways of learning and adapting, which will
in�uence how they adapt and learn together. For example, machines usually learn by
�nding patterns in large amounts of data, whereas humans often learn from example
or explanation in only a few trials. Moreover, humans and machines often lack a basic
shared level of common ground or frame of reference, a necessity for building shared
mental models. I study how the process of mutual adaptation leads to the emergence of
new patterns of collaborative behavior, which I call Collaboration Patterns. In addition,
I study how emergent Collaboration Patterns can be made explicit and communicated
among the collaborators to create a shared mental model, and whether this affects the
collaboration and team performance.

1.2.2. HUMAN-MACHINE TEAMS

I N recent decades, research in the interaction between humans and machines has in-
creasingly shifted towards using a hybrid intelligence approach, in which humans and

AI systems complement and empower each other (Akata et al., 2020). Due to increases
in AI capabilities, intelligent machines perform more and more tasks alongside humans
in various domains, such as manufacturing (Kolbeinsson et al., 2019; Wang et al., 2020),
healthcare (Neerincx et al., 2019; Weerarathna et al., 2023), and search-and-rescue (Krui-
jff et al., 2012; Nourbakhsh et al., 2005). This has resulted in new types of teams, in
which adaptive humans and adaptive machines operate together in dynamic environ-
ments. Many new research challenges result from these new team situations (Klein et
al., 2004), which require a new paradigm for how human-machine interaction research
is being done; a collaborative paradigm. Different research communities have used dif-
ferent terms to describe this, even though they study similar concepts such as trust, in-
terdependence, shared autonomy, transparency. The main conferences of the different
communities (e.g. AAMAS or IVA for virtual agents, IROS, HRI or RO-MAN for robotic
systems) show little cross-fertilization. Some of the terms used are for example:

1. Human-agent teaming (multi-agent systems community, studying software agents,
e.g. Bradshaw et al., 2003; Diggelen et al., 2019; S. Li et al., 2016);
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2. Human-robot collaboration (human-robot interaction community, studying em-
bodied robots, sometimes controlled by AI algorithms, e.g. Ajoudani et al., 2018;
Nikolaidis, Hsu, and Srinivasa, 2017; Ogenyi et al., 2019).

The researchers within these communities use the terms ‘teaming’ and ‘collaboration’ to
distinguish machines that function as team mates from machines that are used as tools
(Krüger et al., 2017), to do justice to the increasing capabilities of machines, mainly in-
creased initiative, autonomy and adaptivity. To study how humans and machines can
function as team members, researchers can design tasks and teams based upon prin-
ciples of co-active design and the interdependence framework (Johnson et al., 2014).
These principles support the design of tasks and teams that contain both hard depen-
dencies (ways in which human and machine need each other to complete a task) as well
as soft dependencies (ways in which human and machine can support each other in com-
pleting a task). Regarding machines as team partners or collaborators is sometimes con-
sidered controversial, as some argue that it is an unnecessary anthropomorphization
that leads to humans being less in control or evading responsibility (Evans et al., 2023).
However, it has also opened the door to studying themes like shared autonomy (Niko-
laidis, Zhu, et al., 2017), role shifting (Mörtl et al., 2012), and trust calibration (de Visser
et al., 2020); reciprocal social dynamics that people naturally engage in when interacting
with machines (Nass and Moon, 2000).

In this thesis, I use a collaborative perspective to study situations in which a machine
has complementary skills or knowledge to the human, and might therefore sometimes
be better suited to perform a (sub) task, but in which it will not always be clear to the
human team partner when this is the case. Such situations require humans to critically
re�ect on their own abilities and those of the machine, to ensure that they do not overuse
or underuse the capabilities of the machine. As machines might not always be aware
of their own strengths and weaknesses either, I believe that it is valuable to create an
interaction dynamic in which human and machine reciprocally explore how to best act
and collaborate. The aim is to increase the human’s knowledge of the machine through
this process, as well as to increase the machine’s knowledge of the human partner.

ADAPTATION AND LEARNING IN HUMAN-MACHINE COLLABORATION

Within the literature on human-machine collaboration, adaptation and learning has
been a growing topic of study (Semeraro et al., 2023). There are several aspects that dis-
tinguish the work presented in this thesis from the existing literature. First of all, most ex-
isting work focuses on AI or robot adaptation. In such research, AI or robotics algorithms
are designed to adapt to a human collaborator, usually by pre-learning preferences us-
ing a large amount of data previously obtained from people (e.g. Buschmeier and Kopp,
2013; Ehrlich and Cheng, 2018; Gao et al., 2017; Sordoni et al., 2015). Sometimes the AI
system or robot does learn in real-time (e.g. in Sasagawa et al., 2020), but generally hu-
man learning or adaptation is not taken into account; in a broad literature research on
(real-time) Machine Learning in HRC, all papers investigated the learning of an optimal
solution or policy while seemingly assuming that the human’s strategy is static (Semer-
aro et al., 2023). Most of this work focuses on adaptivity, meaning that it is studied how
the AI system or robot adapts by itself, while there is some work in which the authority
to control when the AI system or robot adapts can be with the human (Flemisch et al.,
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2012), also called adaptability (Calhoun, 2021). In studies that investigate learning or
adaptation by the human, usually little attention is paid to the machine adaptation (e.g.
Kumar, 2024). Secondly, existing work that does explicitly take a reciprocal approach
usually studies adaptation or learning outcomes in the form of performance (e.g. Niko-
laidis, Hsu, and Srinivasa, 2017; Shafti et al., 2020). The process underlying performance
is often not empirically addressed. It has been argued that studying the effectiveness
of the interaction over time is vital for creating successful human-machine partnerships
(Mackay, 2023; Wiltshire et al., 2024).

In this thesis, I present a process-centered approach. I study both human and ma-
chine adaptation and learning at the same time, investigating how the individual adap-
tive processes in�uence each other and how they lead to adaptation and learning at the
team level. I focus on adaptivity rather than adaptability, although later chapters provide
the human with more control over the behavior of the machine, thereby also touching
upon adaptability. A more in-depth description of the research framework is described
in Section 1.4.

1.3. CO-LEARNING DEFINED

I N this thesis, Human-Machine Co-Learning is de�ned as the process in which the
human and machine concurrently adapt their behavior while collaborating, and in

which successful adaptations can ultimately be consolidated, shared and sustained. This
can lead to improved team performance over time. I distinguish two components of
human-machine co-learning:

1. Co-Adaptation: implicit behavioral adaptations as a consequence of changes in
the task or collaborating partners, leading to the emergence of Collaboration Pat-
terns;

2. Shared Mental Model Updating: the development of shared representations of the
emergent Collaboration Patterns by communicating about those patterns.

A visualization of Human-Machine Co-Adaptation (component 1) and Co-Learning (com-
ponent 1 and 2 combined) can be seen in Figure 1.1. The �gure shows how individual
and joint adaptive processes lead to the emergence of new Collaboration Patterns. Once
at least one of the collaborating partners recognizes a Collaboration Pattern, they can in-
form the partner about this by de�ning a formalization of the pattern and storing it in the
shared mental model of the team. In future task situations, the collaborators can then
use these patterns to align actions with their partner. This will help sustain successful
behavior over time and across context. Within human-machine collaboration literature,
visions for dynamic behavioral adaptation in human-machine collaboration have been
published before (e.g. Flemisch et al., 2012), while attention for co-learning and related
processes (co-adaptation, co-evolution) has speci�cally risen in the past years (Döpp-
ner et al., 2019; Nikolaidis, Hsu, and Srinivasa, 2017; Pepe and Hutchison, 2022; van den
Bosch et al., 2019). A more extensive de�nition and positioning of the term against rele-
vant literature is provided in Chapter 3.
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Figure 1.1: A visualization of human-machine co-learning, consisting of co-adaptation (component 1) and
shared mental model updating (component 2).

1.4. RESEARCH APPROACH/FRAMEWORK

T HE work in this thesis takes a process-centered approach to study emergent Collabo-
ration Patterns, which means that I study the co-learning process over time to better

understand how it leads to collaboration and performance outcomes. When assessing
the process, I use the concept of Collaboration Fluency (Hoffman, 2019) to assess the
quality of the collaboration. In addition, I use qualitative methods to analyze the ob-
served behavior of human-machine collaborators. When I do assess outcomes, I use a
mixed-methods approach consisting of concrete performance metrics such as task com-
pletion time, and of analyses of responses to open questions (e.g. addressing whether
participants are aware of emergent collaboration patterns).

To create the empirical conditions in which Co-Learning can take place, I use the in-
terdependence framework (Johnson et al., 2014) to analyze and de�ne the roles of a ma-
chine and a human in their joint endeavors. Moreover, I have applied this framework in
a symmetrical manner; in any task used, I design situations in which the machine has to
rely on the human and vice versa (hard dependence), and I create situations for the ma-
chine to support the human and vice versa (soft dependence). I apply these principles
in different research environments, using virtual robots (in a simulated environment) as
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well as physically embodied robots.

1.5. RESEARCH QUESTIONS AND CONTRIBUTIONS

T HE following sections brie�y describe the �ve main research questions that will be
addressed in the chapters of this thesis.

1.5.1. HUMAN ADAPTATION

W HILE adaptation mechanisms are thoroughly studied for AI agents collaborating
among each other (e.g. Baker et al., 2020; Foerster et al., 2016; Iqbal and Sha, 2019),

and for robots adapting to humans (Semeraro et al., 2023), the adaptive interactions that
humans and AI agents or robots engage in receive little attention of research. These sub-
tle and implicit behavioral adaptations might however determine whether performance
outcomes are successful. Therefore, it is relevant to study how humans engage in the
adaptive process while collaborating with a machine. The adaptation of leader-follower
roles is a well-studied topic in literature (see e.g. Evrard and Kheddar, 2009; Y. Li et al.,
2015; Mörtl et al., 2012) that was chosen as the context for studying human-machine
co-adaptation. The research question is as follows:

RQ1 How do a human and a Wizard-of-Oz robot co-adapt leader-follower behavior
when performing a collaborative task with no clear optimal solution?

To this end, I designed and implemented an experimental paradigm, in which human
participants needed to perform a navigation task with a physical Wizard-of-Oz robot on
a leash. Within this task, speci�c interdependencies between human and robot were de-
signed such that participants continuously needed to choose to lead or follow the robot,
thereby adapting their behavior to the context of the task. To detect and describe the
adaptive interactions present within this setting, a �tting taxonomy was necessary. There
are existing taxonomies of human-machine collaboration that describe the nature of the
interactions, but these are often designed in a top-down manner (JarrassØ et al., 2012)
or focus on isolated actions rather than on how interactions follow each other (Madan
et al., 2015). I therefore developed a new taxonomy that contains concepts speci�cally
focused on adaptive interactions, created in a bottom-up manner from observations in
the experiment using Grounded Theory (Charmaz and Belgrave, 2007). The design and
results of this study are presented in Chapter 2.

CONTRIBUTION

The developed method for qualitative analysis of human-machine collaboration as used
in Chapter 2 provides insight into the dynamics of co-adaptation, speci�cally the in-
dividual interactions that humans engage in while collaborating with robot. It gives
an overview of possible emergent Collaboration Patterns, categorized in a taxonomy of
adaptive interactions that can be used as a language to describe co-adaptive behaviors.
Some categories in the taxonomy are for example stable situations (sequences of actions
that are repeated for a period of time), sudden adaptations and gradual adaptations, as
I found that the adaptive process is built up of sequences of stable actions and sudden
adaptations, rather than one gradual adaptation. These insights can be used by design-
ers of collaborative machines, to align machine adaptive mechanisms with those of hu-
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mans, to ultimately create �uent and successful human-machine collaborations. More-
over, having a better understanding of the dynamics of co-adaptation on the side of the
human can support the design of more complex studies with actual adaptive machines.

1.5.2. HUMAN AND MACHINE CO-ADAPTATION WITH A VIRTUAL ROBOT

W HILE it is relevant to understand the behavioral dynamics of co-adaptation from
the human’s side, to study human-machine co-adaptation it is necessary to also

study the behavioral dynamics in contexts with an algorithm controlled learning ma-
chine. Arti�cially Intelligent machines are not often studied behaviorally, but under-
standing how they behave when interacting and collaborating with humans is vital for
making sure that desired outcomes are achieved (Rahwan et al., 2019). While there are
some papers that touch upon the behavioral dynamics of co-adaptation (e.g. Kumar,
2024; Shafti et al., 2020), the analyses done are often not of the joint human-machine
behavior but rather of the separate agents, and relatively informal and exploratory. This
leads to the following research question:

RQ2 How do a human and an ML-powered virtual robot co-adapt when performing a
collaborative task with no clear optimal solution?

This research question demands the design of a task environment and learning algo-
rithm to create the circumstances for human-machine co-adaptation. Moreover, it re-
quires an experimental setup with which it can be studied whether co-adaptive human-
machine collaborators are able to develop a successful strategy for their task. I de�ned
requirements for all components of this research environment, after which I designed
a task and algorithm for enabling human-machine co-adaptation. The task is inspired
by an Urban-Search-and-Rescue scenario, a dynamic task that inherently requires ad
hoc adaptation. Within the task, several interdependencies were implemented to en-
sure that the human and machine needed to collaborate to be successful. A variation of
a Q-learning algorithm was used to enable the machine to reciprocally adapt its behav-
ior to a human participant. The details of this design as well as the results of a study with
human participants within the designed task environment is presented in Chapter 3.

CONTRIBUTION

The study provides requirements of experimental tasks and learning algorithms for en-
abling co-adaptation, such that the associated process dynamic can be studied in lab en-
vironments. I also provide a method for qualitative analysis of reciprocal co-adaptation,
revealing how machine learning outcomes were in�uenced by human adaptation and
vice versa. For example, participants that showed similar behavioral strategies were
clustered, and compared the learned policies of the machines across the clusters to �nd
commonalities and differences. This combined analysis of human behavioral clustering
and machine learning model outputs provides new ways in which joint human-machine
behavior can be studied.

1.5.3. HUMAN AND MACHINE CO-ADAPTATION WITH A PHYSICAL ROBOT

R ESEARCH into human-machine collaboration is carried out by different research com-
munities: some use virtual agents; some use physically embodied robots. The choice
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often depends on the respective use case and on the origin of the research community.
As it is well-known that the embodiment of an intelligent machine can have a large im-
pact on the human-machine interaction (Herrera Perez and Barakova, 2020), I wanted to
explore whether physical embodiment makes a difference in the co-adaptation dynamic
as well. This leads to the following research question:

RQ3 How do a human and an embodied, ML-powered robot co-adapt when perform-
ing a collaborative task with no clear optimal solution?

Additionally, I wanted to investigate how it could be systematically assessed whether co-
adaptation took place within a human-machine dyad.

I designed a task and algorithm intended to enable co-adaptation within a team con-
sisting of a human and a physically embodied robot. The task is a handover task for
which subtle physical coordination is vital. Moreover, the thesis presents a set of criteria
with which it can be evaluated if co-adaptation has taken place in a speci�c human-
machine dyad. Results of a pilot study within the designed task environment as well
as a systematic evaluation of co-adaptation against the set of criteria are presented in
Chapter 4.

CONTRIBUTION

The study provides insights into how a co-adaptive dynamic can be achieved in the col-
laboration between a human and a physical robot. It presents a systematic evaluation of
criteria used to assess co-adaptation. Moreover, I provide a method for qualitative anal-
ysis of co-adaptation strategies, which was used to provide an overview of how several
human-machine dyads co-adapted in context of the designed task. For example, I used
a comparison of emergent strategies and the extent to which the human or the robot was
responsible for failures to determine whether the human and robot co-adapted in a syn-
chronous manner (and thereby met the criterion ‘synchrony’). Metrics and criteria like
these can be used to improve design and evaluation of co-adaptation in future studies.

1.5.4. KNOWLEDGE STRUCTURES FOR SHARED REPRESENTATIONS OF EMER-
GENT COLLABORATION PATTERNS

I N this thesis co-learning is regarded as a two-step-process, consisting of co-adaptation
and shared mental model updating. The studies discussed so far address the �rst step:

co-adaptation. If the process of co-adaptation allows a human-machine team to develop
successful emergent Collaboration Patterns, the team needs to become aware of those
patterns and consolidate them. This can be achieved by jointly formalizing and updating
emergent CPs in their shared mental model. In human-only teams, humans will usually
do this by discussing and re�ecting on their collaboration, assuming that they have a ba-
sic level of common ground. In human-machine teams, this cannot be assumed, and the
team needs to be provided with an infrastructure that gives them an actionable shared
representation. Such an infrastructure needs to ful�ll the following two functions:

1. A model of team behaviors in which emergent Collaboration Patterns can be rep-
resented. The concepts in the model need to be understandable for human and
machine team partners;
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2. An interface that enables human and machine team partners to access the model,
and to provide input regarding emergent and existing Collaboration Patterns.

There are existing frameworks that can be used to describe patterns of collaboration be-
tween partners (e.g. Plays (Kasmier et al., 2021; Miller, 2005) or Social Practices (Dignum,
2018)). In these frameworks, the Collaboration Patterns are generally prede�ned. Pat-
terns that emerge while collaborating cannot be (easily) accommodated by these frame-
works. Therefore a new framework is needed. This leads to the following research ques-
tion:

RQ4 How can we facilitate co-adaptive human-robot collaborators with an infrastruc-
ture to formalize and share emergent collaboration patterns?

The thesis presents the design of an ontology model and an accompanying Graphical
User Interface, which will be called the Collaboration Book. The purpose of this system
is to enable human and machine partners to formalize emergent CPs in a format that
is understandable for both the human and the machine. The Collaboration Book also
allows partners to modify existing CPs in the ontology. The qualities of the Collaboration
Book are empirically evaluated in a human subjects study. This is reported in Chapter
5. In this study, human participants watched videos of situations in which Collaboration
Patterns emerged as a result of co-adaptation. Participants were given the instruction to
report recognized CPs and to formalize these in the ontology model using the GUI.

CONTRIBUTION

The presented design of the Collaboration Book and its evaluation contributes to the
design of models intended to enable human-machine team members to formalize and
share successful collaborative human-machine team behavior. A knowledge structure
like the Collaboration Book is especially valuable for teamwork in contexts where team
behavior needs to evolve via co-adaptation and co-learning.

1.5.5. HUMAN-MACHINE CO-LEARNING FACILITATED BY SHARED REPRE-
SENTATIONS OF EMERGENT COLLABORATION PATTERNS

T HE studies of this thesis focused on what human-machine co-learning is (1.5.1 and
1.5.2), what requirements need to be present in a task in order to allow for co-learning

(1.5.2), and whether co-learning can actually be observed in a human-agent team when
a task is presented that meets these requirements (1.5.2). In study 1.5.3 this was again
investigated, using a physical robot as team mate of the human (rather than an agent).
An ontology and accompanying GUI (together called the Collaboration Book) were de-
veloped, intended to enable human and machine partners to formalize emergent CPs in
a format that is understandable to both, thus providing the basis for a shared representa-
tion of successful team behaviors (1.5.4). A pilot study showed that humans were able to
use the Collaboration Book successfully (1.5.4). In the �nal study of this thesis the effects
of the system on human-machine collaboration and on team performance is empirically
and experimentally investigated. The aim was to study component 1 (Co-Adaptation)
and component 2 (Shared Mental Model updating) in conjunction. Given that emergent
Collaboration Patterns as a result of co-adaptation are not always stable, I theorized that



1.6. CO-LEARNING: CONTRIBUTIONS AND STUDY DESIGNS

1

13

providing human-machine teams with an infrastructure to formalize and share repre-
sentations of these CPs (the Collaboration Book) would support co-learning and would
subsequently lead to improved team performance. There is theoretical work on shared
mental models in human-machine teams, but although there are AI agents that are capa-
ble of modeling human team members, there are no empirical evaluations of the effects
that shared mental models in human-machine teams have on behavior, understanding
and performance (Andrews et al., 2023). In the present study it was investigated whether
the developed system for formalizing and sharing CPs facilitates human team members
to develop a stronger awareness of emergent Collaboration Patterns. Furthermore, it
was investigated whether the system supported the reuse of CPs. Finally, it was studied
whether the system helped human-machine teams to improve their performance. This
leads to the following research question:

RQ5 Does the developed Collaboration Book (Chapter 5) support human-machine team
members in becoming aware of and reusing the CPS, as well as in improving their
team performance?

The thesis presents an experiment in which I compared human-machine teams making
use of the designed Collaboration Book to teams that could not make use of this infras-
tructure in Chapter 6.

CONTRIBUTION

The presented experiment provides insights into how access to a Shared Mental Model
of emergent Collaboration Patterns in�uences task performance, Collaboration Fluency
and the Collaboration Patterns itself within a co-learning human-machine team. The
designed research environment with the addition of the ontology model and GUI can be
adapted and used to study other topics related to co-learning in a systematic manner,
such as the in�uence of memory or other machine learning algorithms.

1.6. CO-LEARNING: CONTRIBUTIONS AND STUDY DESIGNS

H UMAN-machine collaboration is often studied in static environments, and when
learning is involved, often only human or machine learning is taken into account.

With this thesis, I provide an elaborate study of co-learning, viewing it as an ongoing
dynamic process and focusing on emergent behaviors and the consolidation of success-
ful Collaboration Patterns, rather than regarding co-learning as a team’s gradual con-
vergence to a single optimal strategy. I provide a de�nition of the co-learning process,
thereby unifying the language used about similar processes in human-agent teaming
and human-robot collaboration literature. This can help to make co-learning a more
outlined area of study within these �elds. Moreover, I provide insights into how dynamic
human-machine interaction can be studied, including requirements for study design as
well as methods for analysis. In addition, I study how collaborating humans and ma-
chines can be facilitated in developing shared mental models about their collaboration.
This can aid the design of human-machine teams in which partners can improve the
understanding of each other, both implicitly and explicitly.

By taking a process-centered rather than an outcome-centered perspective we can
learn about how humans actually engage in collaborating with a machine, for exam-
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ple in how they solve con�ict, as well as about how ML-controlled machines behave
when confronted with an actively learning and adapting human. The contributions in
this thesis towards a better understanding of complex human-machine collaboration
will support the design of interactions and interventions that ensure fruitful long-term
human-machine collaborations.
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2
IDENTIFYING INTERACTION

PATTERNS OF TANGIBLE

CO-ADAPTATIONS IN

HUMAN-ROBOT TEAM BEHAVIORS

As robots become more ubiquitous, they will increasingly need to behave as our team part-
ners and smoothly adapt to the (adaptive) human team behaviors to establish successful
patterns of collaboration over time. A substantial amount of adaptations present them-
selves through subtle and unconscious interactions, which are dif�cult to observe. Our
research aims to bring about awareness of co-adaptation that enables team learning. This
paper presents an experimental paradigm that uses a physical human-robot collaborative
task environment to explore emergent human-robot co-adaptions and derive the interac-
tion patterns (i.e., the targeted awareness of co-adaptation). The paradigm provides a
tangible human-robot interaction (i.e., a leash) that facilitates the expression of uncon-
scious adaptations, such as �leading� (e.g., pulling the leash) and �following� (e.g., letting
go of the leash) in a search-and-navigation task. The task was executed by 18 participants,
after which we systematically annotated videos of their behavior. We discovered that their
interactions could be described by four types of adaptive interactions: stable situations,
sudden adaptations, gradual adaptations and active negotiations. From these types of in-
teractions we have created a language of interaction patterns that can be used to describe
tacit co-adaptation in human-robot collaborative contexts. This language can be used
to enable communication between collaborating humans and robots in future studies, to
let them share what they learned and support them in becoming aware of their implicit
adaptations.

A Emma M. van Zoelen, Karel van den Bosch, Matthias Rauterberg, Emilia I. Barakova, Mark Neerincx. 2021.
Identifying interaction patterns of tangible co-adaptations in human-robot team behaviors. In Frontiers in
Psychology, 12, 645545.
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2.1. INTRODUCTION

W ITH AI being increasingly used in social robotics (Breazeal et al., 2016), there is
a growing number of possible applications in which arti�cially intelligent robots

need to interact and collaborate with humans in the physical space. Creating AI for the
physical world comes with many challenges, one of which is ensuring that a robot does
not only execute its own task, but instead behaves as a team partner, to enable human
and robot to become one well-functioning unit of collaboration. One of the mechanisms
that can be used to enable this, is a process of co-adaptation, where both human and
robot, through (physical) interaction, adapt their behavior to develop successful pat-
terns of collaboration over time (Chauncey et al., 2017).

To de�ne what we mean by co-adaptation, we can think of how humans adapt their
behavior in a reciprocal manner when they collaborate with other humans: the kind of
adaptive interactions they use to achieve a fruitful collaboration. It is known that a hu-
man team’s ability to adapt to new circumstances is vital for its performance, and team
members tend to rapidly develop updated interaction patterns that �t with new situa-
tions (Burke et al., 2006; Uitdewilligen et al., 2013). Humans have the ability to intu-
itively interpret body language of their team members and to send signals when initiat-
ing adaptations (Sacheli et al., 2013). This kind of non-verbal interaction is not obvious
when a team member is a robot. While we might be able to interact with a robot using
language, collaborative interactions are generally multimodal and contain many sub-
tle and implicit non-verbal interaction cues that help us to create tacit knowledge. The
focus of this paper is on these non-verbal interactions, and speci�cally those that are
connected to physical contact.

Two classic examples of non-verbal interactions for co-adaptation in a human-non-
human collaborative context can be found in human-animal interaction:

1. The interaction between a horse and its rider (Flemisch et al., 2008);

2. The interaction between a guide dog and a blind person (Lagerstedt and Thill,
2020).

When a human rides a horse, they start off as two separate entities with their own
goals. As they interact for a longer period of time, they gradually start to better under-
stand the other, adapting their interaction concurrently, until they become one joint sys-
tem acting toward a common goal through subtle and implicit interactions. Another ex-
ample is the interaction between blind people and their guide dogs: blind people truly
need to trust and follow the choices of the guide dog, whereas in horse riding, the hu-
man makes most of the decisions. When guide dogs and blind people learn to navigate
together, the human needs to learn to assess when to adapt its behavior to follow the
dog, and when to give the dog directions about their route. The dog must learn to un-
derstand what the human is and isn’t comfortable with and adapt its behavior to that. All
this learning and adapting takes place through subtle physical interactions.

Mechanisms of adaptation have been studied in intelligent agents, more speci�cally
in the �eld of multi-agent systems (e.g. Foerster et al., 2016; Iqbal and Sha, 2019). Re-
search addresses learning algorithms, such as different types of Reinforcement Learning,
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and investigates their effects on agent performance or team performance. Little to no at-
tention is paid to the interactions that the agents engage in, which bring about the adap-
tations (except for some examples such as Baker et al., 2020). Even when mechanisms of
adaptation are studied in human-robot interaction contexts such as in Nikolaidis, Hsu,
and Srinivasa, 2017, the effects on performance are studied. We believe that research
should also address the interactions that bring about successful adaptation, to come
closer to the �uency and naturalness of the above-mentioned human-animal examples.

There is a need for further study of the speci�c interactions and interaction patterns
that bring about co-adaptation when humans and robots collaborate. A deeper insight
in these interactions and patterns can help researchers and designers to study and cre-
ate more natural and �uent human-robot collaborations that take the limitations and
affordances of the physical world into account. In addition, such insights can support
the collaborating human and robot to become more aware of their implicit adaptations
and communicate about them, to further improve their collaboration. In Section �Co-
Adaptation in Human-Robot Teams,� we de�ne co-adaptation in a human-robot collab-
oration context, and we explain the relevance of embodiment in this process in Section
�Research Challenge.� We describe an experimental paradigm that we designed and im-
plemented to conduct an empirical study into co-adaptation and how it emerges from
interactions. This human-robot team task was presented to human participants, after
which we analyzed the team behavior in terms of interactions and interaction patterns.
The resulting interaction pattern vocabulary and language provides a thorough analysis
of co-adaptive interactions surrounding leadership roles in human-robot teams.

2.2. CO-ADAPTATION IN HUMAN-ROBOT TEAMS
2.2.1. CO-ADAPTATION - A DEFINITION

I N human-only teams, the term ‘team adaptation’ is used to describe the changes that
occur in team behavior and performance. More speci�cally, Burke et al., 2006 de�ne

team adaptation as �a change in team performance, in response to a salient cue or cue
stream, that leads to a functional outcome for the entire team�. They describe that it
�is manifested in the innovation of new or modi�cation of existing structures, capaci-
ties, and/or behavioral or cognitive goal-directed actions� (p. 1190). On top of that, it is
argued that an important aspect in this is that the team members update their mental
models according to changes in the task situation (Uitdewilligen et al., 2013).

We use the term co-adaptation instead of team adaptation, as we study the adaptive
interactions at the level of the individual actors: team adaptation is a result of adaptive
behavior exhibited by the individual team members. Also, co-adaptation is used more
often in the context of (physical) human-robot interaction. We de�ne co-adaptation in
human-robot teams as follows:

A process in which at least two parties change their behavior and/or mental
models concurrently as a consequence to changes in task or team situation
while collaborating with each other.

This concurrent changing of behavior and/or mental models is relevant for the team,
as smooth collaboration requires partners to adapt to each other over time. Since hu-
mans are adaptive creatures by nature, and arti�cially intelligent systems are becoming
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more and more adaptive, there is an opportunity to study how they adapt together as
they collaborate.

Co-adaptation is a process which generally takes place over a short period of time,
e.g., over the course of several seconds or minutes; this timespan is generally consid-
ered in the study of co-adaptive behaviors (e.g., in Nikolaidis, Hsu, and Srinivasa, 2017,
see also Section �Related Work�). It is not necessarily a deliberate process: adaptation
happens as a consequence of interactions and an implicit or explicit drive to improve
performance or experience. The resulting behaviors or mental models in both adapt-
ing partners do not necessarily persist over time and contexts, as new contexts and in-
�uences may cause the co-adaptation to continue. We used the above de�nition to de-
scribe co-adaptation as a design pattern in Table 2.1 (according to the template speci�ed
in Diggelen et al., 2019). This table provides a detailed explanation of the possible posi-
tive and negative effects of co-adaptation, as well as an overview of the kind of contexts
in which it is relevant to develop or apply co-adaptation.

2.2.2. RELATED WORK

I N In the sections below, we discuss related work on co-adaptation in human-robot
or human-AI collaborative contexts, as we are studying interactions that bring about

co-adaptation. Since we are speci�cally interested in analyzing and categorizing inter-
actions and interaction patterns, we also looked at literature on interaction taxonomies
within collaborative contexts. There is a body of research on dynamic role switching
in human-robot collaboration, which has many similarities with how we described co-
adaptation in terms of interactions. However, the existing literature (e.g. Evrard and
Kheddar, 2009; Li et al., 2015; Mörtl et al., 2012) focuses on computational approaches
to enable a robot to dynamically switch roles in an attempt to optimize performance of
a human-robot team. While the existing studies evaluate the impact of the robot strate-
gies on human factors, they do not study the natural interactions between the human
and robot that arise as a consequence of the necessity for role switching. Therefore, we
do not go into further depth on these papers.

CO-ADAPTATION

Most work on human-agent co-adaptation focuses on making the agent adaptive to the
human, using information on different properties of the human (e.g. Buschmeier and
Kopp, 2013; Ehrlich and Cheng, 2018; Gao et al., 2017; Yamada and Yamaguchi, 2002).
There have been studies that investigated how a human adapts in situations when col-
laborating with an intelligent agent, using the team’s performance to determine the im-
pact of co-adaptive collaborations (e.g. Mohammad and Toyoaki Nishida, 2008; Niko-
laidis, Hsu, and Srinivasa, 2017; Nikolaidis, Zhu, et al., 2017; Youssef et al., 2014). In
addition to determining the effects of co-adaptation on performance, it is also neces-
sary to study the kind of interactions that emerge throughout the co-adaptation process
and support team members in the process of developing a �uent collaboration. A bet-
ter understanding of these processes will help to initiate and maintain co-adaptation in
human-agent teams.

Xu et al., 2012 have outlined requirements for co-adaptation to occur in human-
robot teams. First, they argue that in order to achieve a common purpose, both agents
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Proposed Design Pattern for Co-Adaptation
Behavior
patterns

Team members engage in collaboratively solving a task. While
they do this, they observe each other’s actions and adapt their be-
havior in an attempt to make the collaboration more �uent and
effective.

Potential
positive effect

The performance on the collaborative task increases. Both part-
ners will be able to work more ef�ciently, as there is less idle time,
fewer mistakes and more understanding between the partners.

Potential
negative effect

In the process of adapting, there is a risk of making mistakes. In
addition, it takes time to adapt to a working strategy, which might
have negative effects on the immediate performance.

Use when Team partners need to collaborate but don’t know the best strategy
to complete the task. At the same time, the task and capabilities of
the team members contain many implicit aspects that are hard to
explicitly communicate or make agreements about.

Example A human and a robot arm have to collaboratively assemble a prod-
uct. There are different parts that either of them can assemble,
and some parts need to be jointly assembled; e.g., the robot needs
to hold up a heavy part while the human adjusts the bottom. If
the human has to constantly provide the robot with instructions,
this will slow them down, so it is useful to let the robot move au-
tonomously and to synchronize their actions. When they start col-
laborating, the human might not trust the robot enough to ad-
just the bottom of a part that the robot holds up, in fear of be-
ing crushed underneath the part. The robot might see the hesi-
tation and move the part upside down, such that the human can
reach the object more easily. In turn, the human will have to adjust
their work�ow to do their task, but the fact that the robot adapted
might increase the trust and understanding between the partners,
which can in turn improve future team performance. While adapt-
ing, however, the human might make the mistake of trusting the
robot too much, and think they can climb on top of the heavy part
whereas the robot is unable to hold that weight. The co-adaptive
process, if done too quickly or inconsiderate, therefore has the risk
of making mistakes that hamper immediate performance.

Design rationale A process of mutual adaptation helps to establish and maintain
common ground, one of the main aspects of necessary for en-
abling collaboration between humans and machines (Klein et al.,
2004; Sciutti et al., 2018). This might also be called mutual under-
standing, meaning that both parties are able to predict and/or ex-
plain each other’s actions, leading to trust and eventually smooth
collaboration (Azevedo et al., 2017). In human-only teams, co-
adaptation leads to team adaptation (Burke et al., 2006), which has
shown to be an essential aspect of successful teams.

Type Collective

Table 2.1: Proposed Design Pattern for Co-adaptation.
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Task requirements
Mixed initiative Both parties can take the initiative for an interaction at any point

in time (see Xu et al., 2012).
Interaction
symmetry

Interaction modalities should have a certain level of symmetry,
meaning that there is at least some overlap in the way the two par-
ties can interact with the other, to enable imitation. Interaction
symmetry thereby contributes to the common ground.

Performance
improvement

By adapting their individual behavior, team members can support
an improvement in team performance.

Collaborative
advantage

It must be easier to be successful at the task when collaborating,
as opposed to doing it on your own.

Common
ground

There must be a common ground between the collaborating part-
ners. In our case this comes from the physical nature of the task.

Table 2.2: Task requirements for a collaborative, co-adaptive task environment.

need to be prepared to adapt their behavior to their partner, should actively and dy-
namically estimate the partner’s intention, and develop options of how to adapt their
own behavior in response. Another requirement is that the agents need to be able to re-
ceive and appreciate feedback or reward from the other, to express their internal state to
their partner in a comprehensible manner, and to establish with their partner a common
protocol for interaction. Third, the authors outline several inducing conditions, derived
from experimental work, that can be used to ensure a mutually adaptive process will
start, for example that both agents should be able to take initiative.

We formulated our own requirements for a task environment that would �t with our
research goals of studying co-adaptive interactions, which include the mixed-initiative
requirement as well as the requirements for dynamic and adaptive behavior (which we
connected to an improvement in team performance). Moreover, we added two require-
ments that relate to the presence of a common ground (general common ground as well
as interaction symmetry). Common ground is considered to be necessary for any col-
laboration (Klein et al., 2004), while interaction symmetry is often used to provide the
possibility for imitation, which can create initial common ground (e.g. in Sasagawa et
al., 2020). A full description of these requirements is given in Table 2.2.

INTERACTION TAXONOMIES

The literature reports two important existing studies into interaction taxonomies that
describe interactions in collaborative tasks. One of those papers describes a top-down
approach of describing different types of interactive behaviors based on game theory
(JarrassØ et al., 2012); the other describes a bottom-up approach where interaction be-
haviors were identi�ed from empirical observations (Madan et al., 2015). Both taxonomies
were validated on their applicability by successfully classifying behaviors in different HRI
scenarios. Although useful to describe collaborative behavior, the top-down approach
(as used in JarrassØ et al., 2012) resulted in a taxonomy that describes interaction at a
high level of abstraction (distinguishing for example between competitive versus collab-
orative behavior). Such a taxonomy can be used to describe the overall behavior in a
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task, but it does not provide insights into (atomic) interactions that drive adaptation.
The taxonomy presented in the other paper (Madan et al., 2015) presents interactions
at various levels of detail, where the highest level of detail describes categories of inter-
actions (i.e., harmonious, con�icting or neutral). The lower level interactions are more
closely related to what we are interested in. They describe interaction patterns such
as harmonious translation, persistent con�ict and passive agreement. These interaction
patterns focus on interactions related to collaborative object manipulation and were ob-
served in a speci�c controlled task environment. This leaves room to study interactions
in other contexts, to investigate a wider range of possible interaction patterns. More-
over, they do not provide information on how the different interaction patterns relate to
each other; how they follow each other or how one pattern leads to a speci�c other pat-
tern. We believe that the relations between interaction patterns are especially important
when looking at adaptation. In our study, we take a bottom-up approach to identifying
interaction patterns, which is similar to the work of Madan et al., 2015. This means that
we do not prede�ne or design interactions, but that we set up a task that allows partic-
ipants to behave as naturally as possible, and treat the data collection and analysis as
an ethnographic study. Since such an approach requires us to have as little assumptions
about behavior which will be observed as possible, we do not use the existing taxonomies
when identifying interaction patterns. In our analysis, we focus speci�cally on adaptive
interactions, as well as on how the different observed behaviors relate to each other. We
will re�ect on how our �ndings overlap or differ to the existing work in Section �Rela-
tion to Existing Interaction Taxonomies,� to understand how they might complement or
complete each other.

2.3. RESEARCH CHALLENGE

T HE goal of this study is to empirically investigate the interactions between humans
and robots that underly their co-adaptation when jointly performing a task. A chal-

lenge is that the adaptive intentions and outcomes of interactions are often not directly
clear and observable. Partners may themselves not be aware that their behavior is an
adaptation to the developments, and may be a response to subtle cues, possibly pro-
cessed unconsciously. In order to nevertheless investigate how such important pro-
cesses take place in a human-robot team, the approach of observing and analyzing em-
bodied human-robot team behavior was taken. Expressivity and intentionality of behav-
ior plays a large role in embodied interaction (Herrera Perez and Barakova, 2020). It is be-
lieved that in such a setting the subtle and perhaps unconsciously executed adaptations
will be expressed by means of physical, embodied interactions, hence being accessible
for observation and analysis.

The literature on using embodied intelligence when studying human-robot interac-
tion shows two main lines of research:

� A line of research that focuses on human cognition: investigating how computers
or robotic interfaces can be used to understand and extend human cognition and
behavior. An example of this is extending human cognition through prostheses or
sensory substitution (e.g., as in Bach-y-Rita and W. Kercel, 2003; Kaczmarek et al.,
1991; Nagel et al., 2005);
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� A line of research that focuses on using embodiment to create more intelligent
computers (or machines or robots). The robot’s intelligence is ‘grounded’ by a
body with which it can interact with its environment (for example as described
in Duffy and Joue, 2000; Kiela et al., 2016).

Our research approach is not directed at the intelligence of one particular partner of
the team, but at the intelligence emerging from the interaction of partners. In the �rst
described line of research (extending human cognition, e.g., using prosthetics), one of
the main aims is to create a unity between the human and the added technology, such
that for the human the arti�cial parts feels as though it is part of themselves. We research
the unity of human and technology jointly forming a team, with both having a certain
level of autonomy, and sharing a common goal. This approach distinguishes between
cognition on an individual level (per agent) and collective cognition, at the team level.
In our work, we focus on the team as a dyad formed by one human and one robot.

It is believed that studying embodied human-robot interaction, while they collabo-
ratively perform a task, is an approach that can help us to discover and understand how
a team adapts to the dynamics of the context, and how this adaptation emerges from the
interactions between the team members.

2.4. MATERIALS AND METHODS

2.4.1. TASK ENVIRONMENT: SEARCH-AND-NAVIGATION

W E have developed a task in which a human and a robot jointly navigate through a
space while searching for objects to collect additional points. The conditions and

interdependencies described in Table 2.2 were implemented in this task.
The team of human and robot are given the task of navigating between two points

in space. The team’s assignment is to reach the goal location with as many points as
possible. They start with 60 points, and lose a point each second until they reach the goal
location. Virtual objects were hidden in the task area: some close to the shortest route to
the goal location; others further to the side. Picking up a virtual object yields the team 10
points. These scores were chosen after trying out the task several times, such that solely
focusing on the goal would yield approximately the same score as solely focusing on the
objects, while combining the capabilities of both team members could potentially result
in a higher score than either of the extreme strategies, ensuring a trade-off between the
two. The partners have complementary capabilities: only the robot knows where the
objects are; only the human can oversee the route and distance to the goal (see Figure
2.1 for an image of the �eld used). A sound cue is given when an object is picked up.

2.4.2. DESIGN OF HUMAN-ROBOT INTERACTION

W E designed and implemented a remotely controlled robot with a leash (Figure 2.2).
An ambiguous form was selected for the robot, without anthropomorphic features.

This was chosen on purpose, to allow humans interacting with it to focus on the interac-
tion, not on its form.

The leash was designed to be the only direct communication channel between the
robot and a participant, to ensure speci�c evaluation of the interaction through the leash
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Figure 2.1: The �eld on which the task was executed. Participants moved from the goal on the left to the goal
on the right (where the robot is stationed).

without too much noise of other interaction modalities. On top of that, the leash interac-
tion allows for subtle and implicit interactions as both the participant and the robot can
pull the leash more or less. The robot was explicitly made to be quite large and heavy, to
allow it to pull the participant in a direction as well.

For our study, the robot was remotely controlled by a human operator (i.e. the ex-
perimenter). It is usually preferable that the operator is hidden from the participant,
however, due to technical limitations this was not possible. The human operator was
therefore on the �eld together with the participant and the robot during the experiment.
A small pilot with two participants showed that participants only payed attention to the
human operator in the �rst few seconds of the experiment, after which they directed
their attention to the robot only. Therefore, and for practical reasons, we decided that
it did not pose a problem for our study goals that the human operator was visible. The
human operator controlled the robot according to a set of pre-de�ned rules: to direct
the robot to the closest virtual object (following a default route as much as possible, as
speci�ed in Figure 2.3) if the leash was held loose by the participant (the operator, in
contrast to the participant, knew the locations of all hidden virtual objects). If the par-
ticipant kept a tight leash, the operator directed the robot to give in and to move toward
the participant until the leash was no longer stretched. A detailed description of these
rules is provided in Table 2.3. The human operator made decisions based on visual cues:
they carefully watched the leash to see whether it was stretched. Human response time
to visual cues is known to be on average 0.25 s, therefore, we can assume that the robot
responded to participant behavior with a delay of 0.25 s.

The task and robot were designed such that both partners had their own knowledge,
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Figure 2.2: Two participants interacting with the robot showing a situation with a stretched leash and thus in a
leading role (top) and situation with a loose leash and thus a following role (bottom).

enabling them to initiate actions that their partner cannot initiate. The knowledge of
both partners was relevant for the task, making collaboration bene�cial and enabling
the partners to learn how to use their knowledge in the best possible way. All communi-
cation and coordination between the human and the robot took place through the leash,
which ensured that interactions are physically grounded, and allowed for subtle and im-
plicit interactions.

2.4.3. EXPERIMENT SETUP AND INITIAL RESULTS

T HE experimental paradigm described above was previously used to study leadership
shifts and its in�uence on subjective Collaboration Fluency in human-robot teams.

This section will explain the experimental protocol used as well as results obtained in
that study. For the current study, we have re-analyzed the data obtained in the origi-
nal study to research speci�cally what interactions and interaction patterns bring about
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Figure 2.3: The four prede�ned maps with the locations of the objects (red circles), including a line indicating
the default route of the robot. The bottom of the �eld is the starting point.

Situation Resulting robot behavior
The leash is stretched Follow the human in the direction

that the leash is pulled in
The leash is loose AND the human-robot
team is on the prede�ned route

Follow the prede�ned route

The leash is loose AND the human-robot
team is not on the prede�ned route AND
there are virtual objects that have not been
picked up

Move toward the nearest virtual ob-
ject that has not yet been picked up

The leash is loose AND the human-robot
team is not on the prede�ned route AND all
virtual objects have been picked up

Move towards the goal

Table 2.3: The protocol used by the human operator to control the behavior of the robot.

co-adaptation in such a task. In Section �Analyzing Behavior to Uncover Interaction Pat-
terns� and �Data Analysis: Extracting Interaction Patterns� we will describe in detail how
that analysis was done.

EXPERIMENTAL PROTOCOL

Participants were told that they had to perform a collaborative task together with an in-
telligent robot, while holding the leash of the robot. They were presented with the de-
scribed task and human-controlled robot, and were given instructions about how they
could score points.

Before the start of the experiment, the participants were given the possibility to walk
from one end of the �eld to the other with the robot. This was done to give participants
an indication of the speed of the robot. After that, the �rst round started. The task was
performed four rounds per participant. The locations of the virtual objects were different
for every round. Four prede�ned maps with speci�ed locations of the virtual objects
were created for the human operator (Figure 2.3). Each of these maps were used for
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each participant during one of the rounds. The order of the maps was randomized for
each participant to make sure that the observed behavior would not be in�uenced by
the speci�c maps. After each round, participants were asked three interview questions:

1. Can you explain the behavior of the robot?

2. What was your strategy for completing the task?

3. How did you experience the collaboration?

An overview of the answers given to these questions was given in van Zoelen et al.,
2020. For the analyses described in the following sections, the answers to these interview
questions were used to support the researchers in interpreting participant behavior.

PARTICIPANTS

A total of 18 people participated in the experiment (9 male, 9 female), consisting of stu-
dents from different programs within Eindhoven University of Technology, with an av-
erage age of 23 (SD = 3.9). The participants were told that the person with the highest
number of points on a single run would receive a gift voucher of "10 to motivate them
to perform to the best of their abilities. Before the start of the experiment, participants
gave their consent after carefully reading the consent form that explained all details of
the experiment except for the focus of the research (evolving leadership shifts) and the
speci�c behavior of the robot. After the experiment, they were debriefed on the exact
purpose of the experiment.

DATA ANALYSIS: CODING PROCESS

While performing the task, a camera placed in a corner of the �eld recorded the behavior
of the participants. These videos were thoroughly analyzed through a process based on
Grounded Theory (Charmaz, 2014), using different stages of open coding, closed coding,
and categorizing. All videos were coded using an open coding process at �rst, to get a
view on the different kinds of behavior present among participants as well as on events
that triggered participants to switch between a more leading and a more following role.
Using the results from the open coding, a coding scheme for closed coding was devel-
oped that contained codes describing task events, robot movement, participant move-
ment, leash activity and the participant’s location relative to the robot. Each code was
characterized as a leading, following or neutral behavior (see Table 2.4).

All videos were then coded again using a closed coding process using The Observer
XT (Noldus, 2019). This was done in an iterative manner, where each video was watched
and coded again for each code category as speci�ed in Table 2.4. Codes of different cate-
gories therefore could exist in parallel (e.g., codes for leash activity and codes for partic-
ipant movement), while codes within a category (e.g., ‘loose’ and ‘stretched’) could not
exist in parallel. An exception were the ‘task event’ codes; these were used to record how
long it took participants to �nish the task and to be able to see whether behavior lined up
with task events. This left us with an overview of whether the participant was in a lead-
ing, following or neutral position across the three variables of leash activity, participant
movement and participant location at each moment during the task. Combined with
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Code Category Code
Task events Task is running

Object sound
Robot movement Standing still

Moving toward object in goal direction
Moving toward object away from goal
Moving toward object across �eld
Moving with participant
Moving in goal direction

Participant movement Standing still/waiting
Moving around robot
Moving in goal direction*
Moving in robot direction
Moving across �eld*

Leash activity Loose
Stretched*
Pulled in direction*
Loosening/stretching

Participant location relative to robot Behind
In front of*
Next to

Table 2.4: The coding scheme that was developed to analyze the behavior of participants and the robot in the
experiment. Codes marked with a * were considered leading behavior by the participant. The presence of these
codes was taken as an indication for leading behavior in all further analyses.

the visualization tool in The Observer XT, this enabled us to visually analyze the (devel-
opment of) different behaviors across rounds simultaneously as well as to quantify the
amount of leading behaviors present in each run. Intercoder reliability for the duration
of sequences with another coder for 5.6% of the data (videos of 4 runs) was found to be
97.55%.

PREVIOUS RESULTS

The task environment presented above has previously been described in Zoelen et al.,
2020. The main �ndings focused on three aspects:

� Interactions that trigger people to reconsider leadership roles;

� How leader/follower behavior changes over time;

� The interplay between subjective Collaboration Fluency and shifting leader/follower
roles.

As the current paper builds upon and greatly extends the results presented in the
previously published work, we will summarize these �ndings in the sections below.
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Switch Triggers An open coding process revealed six types of situations that typically
triggered participants to reconsider whether they should behave in a more leading or
following way. The �rst of those situations is at the start of the task, where participants
express their initial idea about the role they should take on. The other �ve triggers are
the following:

1. Sound indicating a virtual object;

2. A leash pull by the robot;

3. The robot deviating from the route that leads to the �nal goal without clear leash
pull;

4. Getting close to the goal;

5. The robot standing still.

Of these �ve triggers, numbers 1 and 2 are explicitly visible and clear moments in
time, while numbers 3 and 4 are more implicit, slowly emerge and are harder to observe.
Number 5 is a special case, as the robot standing still was sometimes clearly linked to the
collection of a virtual object, but sometimes emerged more implicitly from the interac-
tions in the task. Besides grouping them in explicit versus implicit triggers, they can also
be grouped into task feedback (1 and 4) and partner feedback (2 and 3).

Leading Behavior Development Apart from direct triggers for reconsidering leadership
roles, we looked at how the level of leadership that participants expressed developed over
the four different rounds in which the task was executed. Three different dimensions of
behavior (leash activity, participant location relative to the robot, participant movement)
were looked at separately. We found that for all these dimensions, six types of leadership
behavior development could be observed, namely:

� Mostly following (a);

� Start off following, leading in the middle, following at the end (b);

� Start off following, increase of leading over time (c);

� Start off leading, increase of following over time (d);

� Start off leading, following in the middle, leading at the end (e);

� Mostly leading (f).

We categorized each dimension of behavior (leash activity, participant movement
and participant location) into one of those types of leadership behavior development
for each participant. This resulted in a very wide distribution of behavior, showing that
participants engaged in highly personal ways of dealing with leadership roles and shifts
in the context of the task. While many participants could be categorized in the same
type of behavior for at least two of the dimensions (meaning that participants them-
selves behaved relatively consistently), the pattern of combined dimensions was unique
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Leash activity Participant loca-
tion relative to
robot

Participant
movement

Mostly following (a) 4 (n = 1) 4, 15 (n = 2) 15, 11 (n = 2)
Start off following, lead-
ing in the middle, follow-
ing at the end (b)

13 (n = 1) 13 (n = 1) 18, 13 (n = 2)

Start off following, in-
crease of leading over
time (c)

14, 1 (n = 2) 7, 14, 10 (n = 3) 2, 12, 14, 1, 10 (n
= 5)

Start off leading, increase
of following over time (d)

3, 16, 7, 18, 15, 11
(n = 6)

3, 18 (n = 2) 8, 6, 3, 16, 7, 4 (n
= 6)

Start off leading, follow-
ing in the middle, leading
at the end (e)

5, 12 (n = 2) 5, 12, 16, 1 (n = 4) 5 (n = 1)

Mostly leading (f ) 9, 17, 2, 8, 6, 10 (n
= 6)

9, 17, 2, 8, 6, 11 (n
= 6)

9, 17 (n = 2)

Table 2.5: An overview of the distribution of participants across all six behavior development types for each
behavior dimension (leash activity, participant location and participant movement). Each number represents
a participant.

for almost every participant. For a distribution of participants across the behavior de-
velopment types, see Table 2.5. To understand how these types of behavior relate to
task performance, we created a boxplot of the task performance related to each category
of behavior development, using the categorization based on leash activity (Figure 2.4).
Given the small number of participants, it is impossible to draw any hard conclusions
from this (especially about category (a) and (b), as only one participant was categorized
in either of those). Realistically, only (d) and (f) provide relevant information since both
these categories contain 6 participants; it is interesting to see that in this case, the cat-
egory that is more balanced (d) indeed scores better than the category in which partici-
pants were strongly leading all the time (f).

Subjective Collaboration Fluency and Leadership Roles Besides behavioral data, subjec-
tive Collaboration Fluency was also measured after each round of performing the task
using a questionnaire, based on (Hoffman, 2019). We found that the score on this ques-
tionnaire increases signi�cantly over time. This effect was visible within three runs of
performing the task. This means that regardless of how people behave, the way in which
participants interacted with the robot enabled them to develop a more �uent collabora-
tion over time.

We also found that there was a weak (but signi�cant) negative correlation between
the Collaboration Fluency score and the amount of leading behavior people expressed
through the leash and movement. This means that when participants were less willing
to follow the robot, they also regarded the robot as less cooperative.
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Figure 2.4: An overview of the task performance of participants per category. For each participant, the average
score of the four rounds was calculated. The categorization is based on which category participants were in
when looking at their leash activity only: (a) mostly following, (b) start off following, leading in the middle, fol-
lowing at the end, (c) start off following, increase of leading over time, (d) start off leading, increase of following
over time, (e) start off leading, following in the middle, leading at the end, (f) mostly leading.

2.4.4. ANALYZING BEHAVIOR TO UNCOVER INTERACTION PATTERNS

T HE fact that participants were able to develop a �uent collaboration with the robot,
while still showing a wide variety of behaviors, prompted us to have a closer look at

the speci�c adaptive behaviors and interactions that emerged in this task. In the follow-
ing sections, we will explain in more detail how we approached this further analysis as
well as the results.

DATA ANALYSIS: EXTRACTING INTERACTION PATTERNS

Using visualizations of the video coding, we studied the videos in more detail, paying
speci�c attention to moments at which adaptations took place (moments at which the
codes switched from a leading to a following code for example). We described the spe-
ci�c interactions that we observed at such moments, as well as the interactions of what
happened in between those moments. In this process, we tried to focus on the smallest
relevant unit of interaction (we will refer to these as unit interactions later in the paper).
If it was unclear what a participant was doing at a speci�c instance, we looked at tran-
scriptions of the interview questions to be able to reliably interpret the intention behind
their actions.

The resulting list of interactions was categorized by manually clustering them, after
which we described all these different interactions using more general concepts. This
process can again be seen as another iteration of open coding: we carefully read each
observed interaction and created a code (or sometimes a few codes) to describe the in-
teraction. Within this process we tried to use similar words as much as possible, to keep
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the list of codes as short as possible. With this process, we aimed to make the inter-
actions less dependent on the speci�c context of the task executed in the experiment,
and more generally applicable. Such more generally applicable interactions are usually
called patterns in literature (Diggelen et al., 2019), and are often used as reference for
designing human-technology interactions across different contexts. Important to note
here is that patterns are not completely generalizable; they are part of a category of con-
cepts that are called ‘intermediate-level knowledge’(Höök and Löwgren, 2012). They are
more abstracted than a single instance, but are not as generalizable as a theory. Their
value comes speci�cally from the fact that they are relatively close to an actual context
and task, while being applicable to a range of task and contexts. We will call the more
generalized versions of the observed interactions interaction patterns. Besides a spec-
i�cation of these interaction patterns themselves, we have tried to combine them into
sequences to create larger interaction patterns. Also, we have speci�ed how certain in-
teraction patterns related to others. The combination of the set of interaction patterns
(the interaction vocabulary) and the details on how they can be combined and relate to
each other will be referred to as the pattern language.

2.5. RESULTS: INTERACTION PATTERNS

B ELOW, we will describe in detail the outcomes of the analysis of the interactions and
interaction patterns. As mentioned above, we will describe exactly what interactions

were extracted from the video data, how they were categorized and generalized into in-
teraction patterns and how they can be combined into larger sequences.

2.5.1. OBSERVED INTERACTIONS

B Y analyzing the videos of the collaboration between the human participants and the
robot, a list of 34 types of interactions could be distinguished. They are the unit

interactions: the smallest relevant co-adaptive interactions than can be described within
the context of the experiment. These interactions were categorized in four types:

� Stable situations (10 interactions): interactions observed in-between adaptations,
such as the interaction of the human leading and the interaction of the robot lead-
ing.

� Sudden adaptations (17 interactions): interactions in which the human and/or
robot adapted their leader or follower role, therefore starting a transition from one
stable situation to another. The adaptation happens in a single moment, over a
short period of time, often in response to an event in the task or partner.

� Gradual adaptations (5 interactions): interactions in which the human and/or
robot adapted their leader or follower role, therefore starting a transition from one
stable situation to another. The adaptation happens gradually over a longer period
of time, often in response to a newly hypothesized or discovered property of the
partner’s behavior.

� Active negotiations (2 interactions): interactions in which there was a sequence of
several short adaptations that eventually also lead to a transition between stable
situations.
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The full list of these observed interactions and their categorization can be found in Table
A.1, but some examples are the following:

� Stable situations: ‘Human speeds forward dragging the robot along’, or ‘robot is in
the lead but human actively runs around robot taking into account the route’.

� Sudden adaptations: ‘Human changes direction, thereby loosening the leash, set-
ting the robot free’, or ‘human pulls the leash and moves to the goal when getting
close to the goal’.

� Gradual adaptations: ‘Gradually the robot leads more’.

� Active negotiations: ‘Alternating pulling the robot in a speci�c direction, waiting
for the robot to go, then following the robot’.

The behavior of all participants in the experiment can be described as sequences of these
unit interactions, thereby generating larger and higher level interactions.

2.5.2. INTERACTION PATTERNS FOR ADAPTIVE LEADER-FOLLOWER BEHAV-
IOR

T HE above described interactions are speci�cally related to the experimental task. In
order to be able to apply them to other contexts, it is necessary to describe them in

more general terms. Therefore, we formulated them into general interaction patterns
that can appear in any human-robot collaboration where leader-follower dynamics are
relevant. Appendix A shows how the observed interactions were described with interac-
tion patterns. Important to note here is that some of the more complex interactions were
described using two or three interaction patterns, while some interaction patterns were
also used to describe more than one observed interaction. Table 2.6 presents a list of
the resulting more generalized interaction patterns, including their category and a short
description.

The relatively long list of sudden adaptations contains a diversity of interaction pat-
terns. Some of them are triggers for adaptation (e.g., ‘unexpected action by a team mem-
ber’), while others are outcomes (e.g., ‘team member stops with what they’re doing,
waits’). After a closer look at the list we believe that four components can be distin-
guished within these sudden adaptations:

� External trigger: an event outside of the partner (e.g., in the task, environment or
other partner) triggers an adaptation to a new stable situation;

� Internal trigger: an event inside of the partner (e.g., a speci�c expectation or change
of mind) triggers an adaptation to a new stable situation;

� Outcome: a speci�c action that is preceded by an internal or external trigger, that
will gradually develop into a new stable situation afterward;

� In-between-situation: a speci�c action that is preceded by an internal or external
trigger, that serves as a new trigger for adapting to a new stable situation afterward.
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To understand how combinations of these components constitute an interaction pat-
tern, each interaction pattern has been described using the above components in Table
2.7.

Using the extended description of the interaction patterns, we can create sequences
of them to describe and analyze behavior that participants showed in the experiment.
Examples of those are shown in Figure 2.5. The sequences shown in the �gure all rep-
resent behavior that participants showed at a speci�c point in the task. For example,
the top sequence is behavior shown by participant 14 in round 2. They were following
the robot to pick up the object (stable situation, following). At some point, they were
approaching the goal (the robot was also moving toward the goal), which triggered the
participant to try to take over the robot’s task by further exploring the �eld for objects
(sudden adaptation, being close to �nishing the task and trying to �nish the other’s task
when the other is done). To urge the robot to follow, the participant pulled the leash
in short intervals, but as the robot had already collected all objects, it would continue to
move to the goal when the leash was loose (active negotiation, executing leading in short
intervals). This resulted in the participant giving in and they again followed the robot
(stable situation, following). Another interesting example is the sequence from partici-
pant 5, shown in round 4. The participant was focused on reaching the goal (stable sit-
uation, leading), when the robot drove over the participant’s feet in an attempt to move
with the participant (sudden adaptation, partner-interfering mistake). This caused the
participant to immediately take over the robot’s task by exploring the �eld for objects
themselves (stable situation, taking over the other’s task).

From these examples, it can be seen that sometimes different stable situations can
exist at the same time to form more complex behavior. Also, different adaptations can
happen after each other before a new stable situation is reached. This usually happens
when a sudden adaptation is described as an outcome or an in-between-situation. Us-
ing sequences of interaction patterns of varying lengths, we can look at the dynamics of
co-adaptation at different levels of complexity. This allows us to analyze the effect that
small, short-term adaptations have on the overall development of leader-follower roles,
but also to dissect large sequences of observed behavior into small units. An explana-
tory overview of how the observations translate into sequences of interaction patterns is
given in a video in Supplementary Material B of van Zoelen et al., 2021.

Category Concept Description
Stable
situation

Human following Human lets the robot do its task

Human actively on top of
things, actively supervising

Human is constantly in touch with
the robot

Active observation by human Human is actively observing what
the robot is doing

Human leading Human leads the robot
Human executing the robot’s
task

Human executes the task of the
robot



2

40 2. IDENTIFYING INTERACTION PATTERNS OF TANGIBLE CO-ADAPTATIONS

Proactive following by human Human actively predicts and ob-
serves what the robot will do, fol-
lowing their course of action

Human dragging the robot
along while doing all the work,
the robot is a burden

Human ignores the robot as much
as possible while focusing on com-
pleting the task

Human focuses on their own
task, but leaving time for the
robot to catch up

Human executes their own task
while leaving space for the robot to
follow them in that course of action

Sudden
adaptation

Unexpected action by a robot
team member

The robot does something the hu-
man did not expect, possibly trig-
gering a leadership shift

Human waiting for the robot to
�nish their task

The human waits for the robot to
�nish their task, and decides on a
leadership role after that

Human trying to �nish the
robot’s task when the robot is
done

When the robot has �nished their
task, the human takes over the task
to see if it can be improved upon

Partner-interfering mistake The robot makes a mistake that di-
rectly and strongly interferes with
the human’s course of action

Human losing contact with the
robot due to focus on own task

The human focuses very much on
their own task, therefore lose con-
tact with the robot

Being close to �nishing the
task

The team is very close to �nishing
the task, which possibly triggers a
leadership shift

Human actively making up for
the robot’s limitations

The human foresees a limitation
of the robot will hinder their per-
formance, therefore undertakes ac-
tion to avoid that

Task achievement A task achievement is reached,
possibly triggering a leadership
shift

Human urging the robot to be
more active, ‘come on’

The robot is relatively passive,
causing the human to actively urge
the robot to be more active

Human stops with what
they’re doing, waits

The human suddenly stops with
what they are doing to wait, after
which a new leadership role is cho-
sen

Repeating previous behavior
patterns

The human recognizes a situation
similar to an earlier situation, and
repeats the behavior previously ex-
ecuted
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Human recognizing the auton-
omy of the robot

The human recognizes the au-
tonomous capabilities of the robot,
possibly triggering a leadership
shift

Quick response to leadership
shifts due to continuous con-
nection

Due to continuous contact be-
tween the team members, a lead-
ership shift initiated by one team
member is quickly and smoothly
followed by the other

Robot becomes active after be-
ing inactive

After a period of waiting of being
inactive, the robot suddenly be-
comes active again, possibly trig-
gering a leadership shift

Gradual
adaptation

Human gradually letting the
robot do more

The human gradually lets the robot
do more over time

Human learning to predict the
robot’s behavior

Over time, the human gradually
gains insight into the robot’s be-
havior, thereby enabling them to
better predict their behavior

Human trying to regain con-
trol in different ways until
eventually taking the lead

Over time, the human attempts to
take the lead and regain control in
different ways, to eventually �nd a
way to keep taking the lead

Active
negotiation

Human executing leading in
short intervals

The human takes the lead several
times in short intervals, observing
what the robot does in the follow-
ing intervals, to actively search for
and negotiate a new stable situa-
tion

Table 2.6: The interaction patterns identi�ed from the behavioral data, including a description of what they
entail.

2.6. CONCLUSION AND DISCUSSION

W E We have studied the process of co-adaptation within the context of human-robot
collaboration. We focused on the adaptations that emerge within the team as a re-

sult of interactions around dynamic leadership roles and complementary capabilities.
An embodied approach was taken to study subtle and unconscious interactions that
manifest themselves in observable physical behavior. We believe that the design of our
experiment provides a different way of looking at HRI; one imposes little assumptions
about interactions on the design, and that allows for natural interactions based on affor-
dances. In the sections below, we will go into more detail on how the different aspects of
our results can be of use for future HRI research and design.
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Interaction Pattern Type of sudden adaptation
Unexpected action by a robot team
member

External trigger

Human waiting for the robot to �nish
their task

In-between situation, preceded by trig-
ger of the other partner working on a
speci�c subtask, succeeded by a new
stable situation

Human trying to �nish the robot’s task
when the robot is done

External trigger and outcome

Partner-interfering mistake External trigger
Human losing contact with the robot
due to focus on own task

Internal trigger and outcome

Being close to �nishing the task External trigger, followed by any out-
come

Human actively making up for the
robot’s limitations

Internal trigger (expectations) and out-
come

Task achievement External trigger
Human urging the robot to be more
active, ‘come on’

Outcome, preceded by trigger of the
other being inactive

Human stops with what they’re doing,
waits

Outcome, preceded by any trigger

Repeating previous behavior patterns Outcome, preceded by internal trigger
Human recognizing the autonomy of
the robot

In-between-situation, preceded by ex-
ternal trigger (behavior of the other),
succeeded by a new stable situation

Quick response to leadership shifts
due to continuous connection

In-between-situation, preceded by any
trigger, succeeded by a new stable situ-
ation

Robot becomes active after being inac-
tive

Outcome and internal trigger

Table 2.7: The interaction patterns that fall in the category of sudden adaptations described in more detail.
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Figure 2.5: Several example sequences of interaction patterns as they appeared in the experiment.

2.6.1. INTERACTION PATTERNS AND TEAM DESIGN PATTERNS

W E have extracted a list of interaction patterns from observed human-robot team
behavior. The idea of describing human-robot or human-agent team behavior

with patterns has been explored before, such as in Diggelen et al., 2019; van Diggelen
and Johnson, 2019; van der Waa et al., 2020, under the name ‘Team Design Patterns.’
In existing research, it is described how these patterns can be useful for designers of
human-robot teams, as well as for the actual team members to recognize what activ-
ities they are engaged in. These existing pattern languages are generally created in a
top-down approach. While Diggelen et al., 2019 mention that Team Design Patterns can
emerge from interactions between the human(s) and agent(s) in the team, the pattern
languages described in van Diggelen and Johnson, 2019; van der Waa et al., 2020 are
still designed by the authors of the paper, although the design process is not described
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in detail. We deliberately use a different name to describe the patterns in our pattern
language (interaction patterns instead of team design patterns), because our interaction
patterns have not been designed. Rather, they were extracted from existing observations,
while they emerged naturally from the context of the human-robot team task. While the
Team Design Patterns are very useful, we believe that it is important to also study inter-
actions in human-robot teams in a bottom-up manner, to represent the processes that
occur naturally within teams when members collaborate in the real world. The embod-
ied approach of our study enabled us to generate a new interaction pattern language
that is based completely on empirical data. It describes the interaction patterns as an
emergent feature, while we attempted to keep our own projections of human-only team
interactions out of the analysis. Therefore, they can be used as a library of existing nat-
ural interactions when designing human-robot interactions; they provide pointers for
what natural and �uent co-adaptive HRI can look like.

The approach of studying embodied interactions in a natural setting, and the de-
velopment of a language to interpret the observed interactions, enabled us to identify
the interaction patterns that underly the co-adaptation processes taking place within
a team. The interaction patterns can be used in other contexts, other tasks, and other
teams, due to our efforts to describe them in a way that is as context-independent as
possible. This positions our work as an addition to the work of other researchers (van
Diggelen and Johnson, 2019; van der Waa et al., 2020) who study team behavior at a
higher level of abstraction, that is more focused on team composition and task division.
In the design of and research into human-robot or human-agent teams, both types of
pattern languages can be used in different stages of the process. The high-level pattern
languages can be used for deciding on team composition and general collaborative in-
teractions, while the elements in the lower level pattern language we describe can serve
as pointers for designing the speci�c detailed interactions between the team members
that elicit or support effective team behavior.

2.6.2. INTERACTION PATTERN LANGUAGE

T HE interaction patterns that we have described show that leader-follower dynam-
ics can be described using the concepts of stable situations, sudden adaptations,

gradual adaptations, and active negotiations. They give us a better understanding of the
subtleties in leader-follower dynamics: very often it is not so much a matter of leading
or following, but a bit of both: leadership roles constantly shift, and very often leader-
ship is divided across the team members. The complete pattern language, consisting of
interaction patterns as the vocabulary and the connections between them as grammar,
provides a framework for analyzing co-adaptive interactions in human-robot collabora-
tions, also in contexts different from the one used in our experiment. Using our pattern
language to describe interactions can make it easier to understand why speci�c role di-
visions emerge and what can be done to change them.

Moreover, the pattern language can be used by collaborating humans and robots for
when they want to communicate about the interactions they are engaged in. The differ-
ent concepts described by the pattern language can for example be used in a knowledge
base for the robot (e.g., in the form of an ontology). This can support the team members
in becoming aware of their current leadership roles and possible developments in those
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roles, to give them more agency in making strategic decisions about the collaboration.

2.6.3. RELATION TO EXISTING INTERACTION TAXONOMIES

O UR pattern language shows similarities to the interaction taxonomy described in
Madan et al., 2015. More speci�cally, their description of harmonious interactions

is similar to what we consider stable situations, while their description of con�icting
interactions has overlap with our sudden adaptations and active negotiations. Our pat-
tern language therefore partly con�rms, but also extends their interaction taxonomy.
We provide a more detailed description and categorization of their con�icting interac-
tions, by expressing the difference between sudden adaptations and active negotiations,
and by also adding gradual adaptations. Related to this, we feel that the term adapta-
tion is more encompassing than con�ict, as not all adaptive interactions within these
categories come from a directly observable con�ict. Moreover, we provide a detailed
and task-independent description of the different types of sudden adaptations. The
extensions originate from the fact that we explicitly focused on interactions that drive
co-adaptation, rather than collaborative interaction in general. Moreover, through our
extended description of sudden adaptations, we provide information on how different
interaction patterns relate to each other (i.e. the ‘grammar’ of our pattern language),
where in the work of Madan et al., 2015 only the taxonomy is provided (i.e. the ‘vo-
cabulary’). Our interaction patterns are also more detailed than those presented in the
existing literature. They are described in such a way that they can also be used to design
interactions, rather than to just analyze them.

In terms of the lower level interaction patterns, both the work of Madan et al., 2015
and our work are to some extent related to the task used to obtain them. Their interaction
patterns were generated in the context of collaborative object manipulation, while ours
were generated within a collaborative navigation context. We, however, explicitly formu-
lated the interaction patterns in such a way that they are generally applicable outside of
this initial context. To understand the extent of their generalizability, further evaluation
in other task contexts will be useful.

2.6.4. LIMITATIONS

W HILE the list of interaction patterns is quite extensive, it is probably not complete.
The speci�c task context that we used in our experiment of course limits the kind

of interactions possible. Also, while the analysis of the data was done in a systematic
manner, it is bounded by the frame of reference of the researcher. In order to obtain evi-
dence for the relevance of the proposed language, it is important to attempt to apply the
analysis of interaction patterns used here to other tasks. That will provide more insights
into the extent of the generalizability of the pattern language, as well as into necessary
extensions or adjustments.

Furthermore, there are a few limitations forthcoming from the manner in which the
task in the experiment was executed. We claim to study human-robot teamwork, but in
our experiment a human operator controlled the robot following pre-con�gured rules.
It may be that the robot behaved different from how a real robot would behave. More-
over, the participants were aware of the fact that the robot was controlled by a human
operator, and even though a pilot study showed us that participants did not pay much
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attention to the operator, it may have still in�uenced the interactions that emerged. The
task was also de�ned with a relatively low level of agency of the robot, causing the robot
to initiate few adaptive behaviors. It is likely that participants noticed this, therefore it
might have in�uenced their initiative to take or delegate leadership. Moreover, we stud-
ied a human-robot team in the form of a dyad, whereas the dynamics of team interac-
tions can be very different for other (larger) team compositions. This again stresses the
importance of testing the results of the present study in other tasks and contexts and, if
possible, with real robots and different team compositions. Outcomes of such studies
will help to elaborate and re�ne the interaction pattern language, eventually enabling a
better understanding of co-adaptation in human-robot teams. This, in turn, will sup-
port the design of adaptive human-robot teams that are able to operate successfully in
the complexity of the real world.

2.6.5. FINAL CONCLUSION

B Y observing embodied interactions within a human-robot team, we have extracted
an interaction pattern language that can be used to describe co-adaptive behavior.

This pattern language consists of a list of interaction patterns (the vocabulary) that to-
gether make up the different elements of co-adaptation. The interaction patterns can
be categorized into stable situations, sudden adaptations, gradual adaptations and ac-
tive negotiations. Furthermore, the sudden adaptations are built up of external triggers,
internal triggers, outcomes and in-between-situations. These categorizations and con-
cepts can be used to link different interaction patterns together, to make sequences of
co-adaptive behavior. They can therefore be seen as the grammar of our pattern lan-
guage.

In future studies, we will use the pattern language to analyze co-adaptive behavior
in different tasks and contexts. We will analyze how the presence of certain interaction
patterns in�uences team behavior and performance, to validate how useful the differ-
ent patterns are in creating successful human-robot teams that make use of �uent co-
adaptations.
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3
BECOMING TEAM MEMBERS:

IDENTIFYING INTERACTION PATTERNS OF MUTUAL

ADAPTATION FOR HUMAN-ROBOT CO-LEARNING

Becoming a well-functioning team requires continuous collaborative learning by all team
members. This is called co-learning, conceptualized in this paper as comprising two alter-
nating iterative stages: partners adapting their behavior to the task and to each other (co-
adaptation), and partners sustaining successful behavior through communication. This
paper focuses on the �rst stage in human-robot teams, aiming at a method for the identi�-
cation of recurring behaviors that indicate co-learning. Studying this requires a task con-
text that allows for behavioral adaptation to emerge from the interactions between human
and robot. We address the requirements for conducting research into co-adaptation by a
human-robot team, and designed a simpli�ed computer simulation of an urban search
and rescue task accordingly. A human participant and a virtual robot were instructed to
discover how to collaboratively free victims from the rubbles of an earthquake. The vir-
tual robot was designed to be able to real-time learn which actions best contributed to
good team performance. The interactions between human participants and robots were
recorded. The observations revealed patterns of interaction used by human and robot in
order to adapt their behavior to the task and to one another. Results therefore show that
our task environment enables us to study co-learning, and suggest that more participant
adaptation improved robot learning and thus team level learning. The identi�ed inter-
action patterns can emerge in similar task contexts, forming a �rst description and anal-
ysis method for co-learning. Moreover, the identi�cation of interaction patterns support
awareness among team members, providing the foundation for human-robot communi-
cation about the co-adaptation (i.e., the second stage of co-learning). Future research will
focus on these human-robot communication processes for co-learning.

A Emma M. van Zoelen, Karel van Den Bosch, Mark Neerincx. 2021. Becoming team members: Identifying
interaction patterns of mutual adaptation for human-robot co-learning. In Frontiers in Robotics and AI, 8,
692811.
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3.1. INTRODUCTION

W HEN people collaborate in teams, it is of key importance that all team members
get to know each other, explore how they can best work together, and eventually

adapt to each other and learn to make their collaboration as �uent as possible. While
humans do this naturally (Burke et al., 2006), it is not self-evident for robots that are in-
tended to function as team partners in human-robot collaborations. It is well known that
robotic team partners should be transparent, predictable, and explainable, but it is of-
ten overlooked that human team partners become predictable and explainable through
a process of exploration and mutual learning.

We call the above mentioned process co-learning (van den Bosch et al., 2019). While
existing work on human-robot collaboration and mutual adaptivity often focuses on
short-term single interactions, we believe it is necessary to also look at repeated inter-
actions to study co-learning as a mechanism for building �uent human-robot collabo-
rations. We conceptualize co-learning as comprising two alternating iterative stages. In
the �rst stage, partners observe each other and adapt their behavior to the other, leading
to successful emergent team behaviors. Such adaptation can be done deliberately but
often occurs implicitly and unconsciously. In the second stage, partners communicate
about their adaptations and give each other feedback, thereby giving meaning to and
becoming aware of the learned behavior. Especially this second stage of creating aware-
ness of what has been learned helps to sustain the behavioral adaptations over time and
across contexts.

We regard co-learning to be vital for creating successful human-robot collaborations.
However, the term �co-learning� is relatively new in human-robot interaction literature,
and it is not yet precisely de�ned what human-robot co-learning looks like in practice
and how it should be studied. Emergent behavior can only be investigated through em-
pirical studies; to investigate human-robot co-learning it is therefore necessary that both
partners can learn in real-time while collaborating with each other. In this study, we
therefore chose to empirically study co-learning with a human participant and a Rein-
forcement Learning (RL) virtual robot. For the investigation of emerging co-adaptive
behaviors, we distinguish four main research questions:

1. How to identify and classify recurring behaviors that indicate co-learning in a human-
robot team?

2. Which recurring sequences of these behaviors (co-learning patterns) can be iden-
ti�ed, such that they can be used by the team partners to communicate about their
adaptations?

3. How does the robot’s learning, emerging from the interactions, affect the human’s
behavior and learning?

4. How does the human’s learning, emerging from the interactions, affect the robot’s
behavior and Reinforcement Learning?

The literature on human-robot interaction and learning contains a large body of re-
search on personalized robot tutors, in which a robot tutor learns to personalize its in-
teractions to support the learning process of a human student, focused on classroom or
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training related contexts (a few examples are Baxter et al., 2017; Belpaeme et al., 2018;
Gao et al., 2017; Vignolo et al., 2019). Formal training is important to initiate learn-
ing and to steer development in the right direction. However, it is important to realize
that learning continues after training has been completed. Every new experience in the
task provides an opportunity for human-robot teams to learn from their collaboration.
An important aspect of co-learning in actual task contexts is developing and re�ning
(shared) mental models about team members and about the task at hand, to increase
mutual understanding of the best way to perform the task (Klein et al., 2004). Therefore,
we speci�cally attempt to answer the above mentioned questions in a task context where
learning happens during task execution.

In this paper, we present a behavioral study of how a human and a virtual robot,
which uses a Reinforcement Learning algorithm to adapt and optimize its actions, adapt
their behavior to collaboratively solve a task. We are interested in how the behavior of
the human Ænd the behavior of the robot changes as a result of this process, making our
study �t within a new area of research in which both human and machine behavior are
assessed (with their mutual dependencies; cf. Rahwan et al., 2019). We �rst provide an
in-depth elaboration of the concept �co-learning� within the context of human-robot
collaboration, resulting in a de�nition of co-learning and the related concepts of co-
adaptation and co-evolution. Based on this, we identify the requirements for empirical
research into co-adaptation and co-learning, and present the design of an environment
for studying co-learning. This environment has been built and used to conduct an em-
pirical study into human-robot co-learning. From the analysis of the observed human-
robot interactions, a list of patterns of adaptive interactions, and the switching between
these patterns over time, were identi�ed. These patterns can emerge in similar task con-
texts, forming a �rst description method for co-learning analyses. Moreover, it supports
the creation of awareness, providing the foundation (concepts) for human-robot com-
munication about the co-adaptation (i.e., the second stage of co-learning).

3.2. CO-LEARNING: BACKGROUND AND DEFINITION

C OLLABORATIVE learning is a widely studied mechanism in human-only contexts, and
it was Dillenbourg (Dillenbourg et al., 1996) who suggested that collaborative learn-

ing can also take place between humans and computers. Collaborative learning in the
context of Dillenbourg’s work means that learning (the acquisition of new knowledge,
skills, behavior, etc.) results from collaborative activities between team partners. If we
look at human-robot interaction literature, several terms are used that describe a simi-
lar process in which two parties or systems change their behavior and/or mental states
concurrently while interacting with each other. Co-adaptation (Chauncey et al., 2017;
Nikolaidis, Hsu, and Srinivasa, 2017; Xu et al., 2012) and co-learning (van den Bosch et
al., 2019) are two of them, but we also encounter co-evolution (Döppner et al., 2019), in
which �co� stands for collaborative, also meaning �mutual.�

Co-adaptation and co-learning are often used interchangeably, making it dif�cult to
understand what they stand for. There are several vision papers explaining the impor-
tance of both co-adaptation (e.g. Ansari et al., 2018; Xu et al., 2012) as well as co-learning
(e.g. Holstein et al., 2020; van den Bosch et al., 2019; Wenskovitch and North, 2020), but
a clear distinction between the two, or a de�nition speci�cally for co-learning, is miss-
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ing from these papers. When looking at the experimental literature, however, it seems
that there are subtle differences. Experimental studies on co-adaptation often focus on
making the agent or robot adaptive to the human, using different kinds of information
about the human (e.g. Buschmeier and Kopp, 2013; Ehrlich and Cheng, 2018; Sordoni et
al., 2015; Yamada and Yamaguchi, 2002). Some studies have investigated how a human
adapts in situations in which they collaborate with an intelligent agent or robot. These
studies mostly focus on the performance of the human and their resulting subtle behav-
ior change in short experiments (e.g. Mohammad and Toyoaki Nishida, 2008; Nikolaidis,
Hsu, and Srinivasa, 2017; Nikolaidis, Zhu, et al., 2017). The studies that use �co-learning�
tend to take a more symmetrical approach by looking at agent or robot learning as well as
human learning, and pay more attention to the learning process and changing strategies
of the human as well, often looking at many repetitions of a task (C. Lee et al., 2018; C.-S.
Lee et al., 2020; Ramakrishnan et al., 2017; Shafti et al., 2020). Studies on co-evolution,
on the other hand, monitor a long-term real-world application in which behavior of the
human as well as the robot subtly changes over time (Döppner et al., 2019).

Following these differences, we propose to distinguish the terms using three dimen-
sions, namely 1) the time over which the development takes place, 2) the persistence
of the resulting behavior/mental state over time and across contexts, and 3) the inten-
tion of the development. Table 3.1 shows the proposed de�nitions in detail. Within our
research, we focus on co-learning as de�ned here

In a human-robot co-learning process, a human and a robot collaborate on a given
task. In order to do well on the task, they need to learn all kinds of implicit and explicit
knowledge related to both the task itself as well as the collaboration and interaction be-
tween them. Related to the task they can, for example, learn the technical details of how
the task should be executed. Related to the collaboration, they can, for example, learn
social collaboration skills. Related to both, they can learn about their own role and the
role of the other in the task and the consequences of their own and their partner’s actions
and mental state on the task (how to collaborate in context of the task). Ultimately, learn-
ing this should help them to together perform well on the task, to build understanding of
each other in context of the task and to calibrate the trust that the human and the robot
have in each other. We focus our work on this last type of combined task and collabora-
tion learning.

We further de�ne co-learning to be comprised of two stages that follow each other
in continuous iterative cycles, namely 1) co-adaptation, and 2) a communication pro-
cess. Part (a) is therefore a process in which team members (sometimes unconsciously)
adapt to each other and the task, thereby changing and developing their behavior as a
consequence of interactions and an implicit or explicit drive to improve performance or
experience (see again Table 3.1). Part (b) is a process in which these implicitly developed
behaviors are shared and discussed through direct communications or interactions be-
tween team members, thereby making the team members aware of the implicit adapta-
tions. This combination ensures that learned strategies are grounded in the context and
task and can be strategically used in new contexts.
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Co-adaptation Co-learning Co-evolution
Timespan Short

(seconds � hours)
Medium
(hours � weeks)

Long
(weeks � years)

Persistence Developed behav-
ior/mental state does
not necessarily per-
sist over time, and
probably not at all
across contexts

Developed behav-
ior/mental state
persists over time
and possibly across
contexts

Developed behav-
ior/mental state
might persist for
a while but pos-
sibly continues to
evolve, similar to
the development of
habituation

Intention Changes and devel-
opments happen as
a consequence of
interactions and an
implicit or explicit
drive to improve
performance or expe-
rience

Explicitly goal-driven:
Attempts to improve
performance or expe-
rience; learning is an
explicit goal

Changes and devel-
opments happen as a
consequence of inter-
actions and possibly
an implicit drive to
improve performance
or experience

Table 3.1: The concepts co-adaptation, co-learning and co-evolution de�ned in terms of timespan in which
they occur, persistence and intention.

3.3. RESEARCH CHALLENGES

M ANY research challenges follow from the conceptualization of co-learning, due to
the fact that both human and robot are non-static. They are both constantly devel-

oping, changing and adapting, and they in�uence each other in the process. This means
that it is not possible to study only one of the team partners; it is necessary to take a
symmetrical approach, where both human and robot are studied through the interac-
tions between them. Moreover, co-learning in dynamic tasks is a continuous process in
which new task situations that appear dynamically require new learning over and over
again. Therefore, focusing on one speci�c interaction, or on team performance as end
result, does not offer a complete picture. We need to study all interactions that con-
tribute to this process. These speci�c dynamic properties need to be taken into account
in the design of experiments, as well as in the analysis and discussion of results. Follow-
ing from this, and to provide a broader view on the speci�c study that we present in this
paper, we have de�ned three research directions that need to be addressed in the study
of human-robot co-learning:

1. Research into enabling and assessing co-learning: to understand the dynamics of
co-learning, we need to investigate what kind of behaviors and interactions drive
co-adaptation and co-learning, and how learning processes of human and robot
team members in�uence each other.

2. Research into interaction patterns that make team partners explicitly aware of
learned behavior, such that behavior can be sustained over time and context: in
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order to create sustainable team behavior, human and robot need to communicate
about learned behavior to ensure that they are aware of useful learned behavior. It
is important to investigate what kind of communication interaction patterns en-
able this speci�c type of communication.

3. Research into a dynamic team mental model that takes into account naturally
occurring changes in interaction patterns, and how such a model can support
the robot in its learning process: as humans, we are able to anticipate on the
fact that our team members learn and change. It is important to investigate how a
dynamic team model can enable robots to also anticipate the fact that their human
team member is continuously changing.

The study presented in this paper focuses on the �rst research direction; the research
questions presented in the introduction have been derived from it. More speci�cally, in
the experiment that we describe in the following sections, we have chosen to focus on
the �rst stage of the co-learning process: co-adaptation as a precursor for co-learning.
We do not yet address questions concerning communication about learned behaviors
(research direction 2), but focus on the implicit behavioral adaptations that occur within
a relatively short time span. It is expected that results of the present study will provide
pointers for how to investigate the issues associated with research challenges two and
three above.

3.4. RESEARCH ENVIRONMENT: DESIGNING TASK, AGENT, CON-
TEXT

3.4.1. CONTEXT

T O study co-learning in human-robot teams, a suitable task context needs to be de-
signed. We identify the following requirements for such a task context in which we

can study co-adaptation according to the de�nition in Table 3.1:

1. It should be possible for the team to improve its performance by making effective
use of the capabilities of the individual team members (as this is necessary to make
it a team task (Johnson et al., 2014));

2. There should be possibilities for implicit adaptation and learning for both human
and robot team members;

3. It should accommodate different emergent collaborative strategies for solving the
task;

4. For this �rst study, the task and team work should be simple enough for a Rein-
forcement Learning agent to learn new behavior in a short number of rounds, such
that we can study co-adaptation in relatively short experimental sessions;

5. To ensure societal relevance of this research, the task should be based on a real-
life domain in which there is a need for autonomous robots that function as team
partners.
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As a general context for de�ning a task, we chose Urban Search and Rescue (USAR). A lot
of research on human-agent teaming is done in USAR-related tasks (Lematta et al., 2019),
because the safety-critical nature makes the application of human-robot collaboration
very useful; there are ongoing initiatives which aim to use robots in real USAR teams
(requirement 5). Moreover, it is a dynamic task context with many possible subtasks and
possibilities for the introduction of threats, safety risks and changing information.

We developed an earthquake scenario for our human-robot USAR team, with the
team’s task to remove rubble and debris from a victim. To get a better understanding
of the task, and of the knowledge and capabilities it requires from partners, we created
a storyboard (Figure 3.1). The storyboard shows a possible scenario in which the robot
picks up a large rock to clear it away, not realizing that the action may lead to a small rock
falling on the head of the victim (Figure 3.1C). When the human notices this, this pro-
vides an opportunity to jump in, and to prevent the rock from crushing the victim (Figure
3.1D). This event facilitates the human learning that the robot apparently does not un-
derstand the risks of falling rocks. It provides the robot with the opportunity to learn that
it made a mistake. The event furthermore provides an opportunity for team members to
communicate about the event, their actions, and to plan how they will manage such
situations together in the future. This storyboard illustrates that using the unique capa-
bilities of both the human (insight into strategic choices) and robot (physical strength)
can be exploited to achieve better task performance (requirement 1). The task of remov-
ing rubble from a victim allows for a great diversity in task planning and execution, and
for the development of individual strategies (requirement 2 and 3), as the different de-
bris can differ in shape, size and location, while enabling simple basic actions to create
strategies for solving the task (requirement 4).

3.4.2. TASK IMPLEMENTATION

W E developed a digital task simulation of the described USAR context using Python
and the MATRX package (�MATRX Software�, 2021). MATRX is a package for rapid

prototyping of human-agent team environments, which supports easy generation of an
environment, object and agents. Figure 3.2 shows a screenshot of the simulation. The
scene involves three characters: a victim buried underneath a pile of rocks (shown in
the middle), an explorer (avatar on the left, played by a human participant) and a Rein-
forcement Learning robot agent (avatar on the right). The goal of the task is to free the
victim by clearing away all rocks that are in front of the victim, as well as to create a path-
way to the victim from either the left or the right side. In order to score well, this must
happen as quickly as possible, and no additional rocks (or as little as possible) should
fall on top of the victim, as that will cause extra harm. Both the human and the virtual
robot each have a set of actions they can perform, such as picking up rocks and dropping
them somewhere else. However, the extent to which they can perform actions differs: the
robot can pick up large and small objects, and break large objects into pieces. Humans
can only pick up small objects. Humans however have a better insight in certain aspects
of the task that dictate which actions are useful to do, such as how rocks will fall when
other rocks are removed or replaced. This insight stems from the fact that humans have
�common sense,� which helps us understand the probable consequences of actions. In
order to complete the task successfully participants must collaborate with the virtual
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Figure 3.1: A storyboard describing how a human-robot team might free an earthquake victim from under-
neath a pile of rocks. In this storyboard, we can see how the robot picks up a large rock, unaware that this will
cause another rock to fall on the head of the victim (panel C). The human notices the issue, and steps in to pre-
vent the rock from falling (panel D). This event can help the robot learn about the task, and that it apparently
made a mistake. The human can learn about the capabilities of the robot, namely that it didn’t understand
how the rocks would fall and that it would cause harm.

robot (requirement 1), while managing their actions in such a way that the robot does
not accidentally drop rocks on the victim’s head. Since it is not clear at the start what the
best strategy would be to solve the task quickly, both partners need to learn and adapt
as they go (requirement 2). The levels are designed such that there are different possible
ways to solve the task (requirement 3), and it is a discrete environment build on a sim-
ple state machine, making it possible to design a Reinforcement Learning agent that can
process the environment (requirement 4).

3.4.3. LEARNING AGENT

T O be able to empirically study how a human and a robot co-adapt while collaborating
on a task, the robot should be able to try out and evaluate different actions, to be able

to choose the policy that best �ts the goals of the team given the adaptations done by the
human team member. We chose to use Reinforcement Learning to enable the agent to
learn, for three main reasons:

1. The robot had to be able to learn real-time, on the basis of rewards: as the behavior
of the human team partner is adaptive and unpredictable, we cannot determine
optimal behavior before the start of the task. This means that the best way to �nd
the optimal strategy for solving the task collaboratively would be to get feedback
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Figure 3.2: The USAR task environment programmed in MATRX. It shows a victim underneath a pile of rocks,
and a human and a robot representing the team members. The dashed red square (above the human’s head)
represents the hand of the human that can be moved to pick up rocks. The dashed blue square represents the
hand of the robot. Scene (A) was used as level 1 in the experiment, while scene (B) was used as level 2.

or rewards on performance.

2. The described task can be solved by a sequence of actions that manipulate the
state of the world with each action, therefore, the learning algorithm had to be
able to learn a sequence of actions given different sequential task situations.

3. The described task is a human-robot scenario, but it can also conceptually be seen
as a multi-agent scenario as both the robot and the human are autonomous and
learning agents within the collaboration. Reinforcement Learning is an often used
and widely studied mechanism in multi-agent scenarios, for reasons related to
reasons one and two above as well (see e.g. Foerster et al., 2016; Kapetanakis and
Kudenko, 2002).

Reinforcement Learning has been designed for learning sequences of actions in tasks
that can be modeled as Markov Decision Processes (van Otterlo and Wiering, 2012), in
which the transitions between states are unknown. In contexts where agents collaborate
and learn with a human, these transitions are unknown since it is unknown what the
human will do; this is also the case in our task. While such a human-agent collaborative
context poses many challenges (e.g. large state spaces, long convergence times and ran-
dom behavior in the beginning) (Dulac-Arnold et al., 2019), earlier work has shown that
RL can be used successfully for learning behavior in real time when interacting with a
human, provided that the learning problem is simple enough (Weber et al., 2018). Since
we used RL mostly as a tool to ensure that the agent could adapt over time, and not
as a goal in itself, we created a RL mechanism that is much simpler than the current
state-of-the-art, but that would provide the basic learning that is suf�cient for our re-
search goals. We simpli�ed the task by modeling it as a semi-Markov Decision Process
(Sutton et al., 1999), which means that the task is divided into several �phases,� which
serve as the states in the RL algorithm. Normally states last one timestep, whereas in
a semi-Markov Decision Process, these phases can last variable amounts of time. Our
state de�nition describes the state of the environment based on the amount of rocks
present in the area around the victim. The state space is de�ned by S = (Phase 1, Phase
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Phase Description
Phase 1 The starting phase: Describes the state of the task environment

when no rocks have been moved
Phase 2 The heights of all piles of rocks added up is now at least 10 rocks

lower than in phase 1
Phase 3 Phase 2 has been reached, and the heights of all piles of rocks

added up is now at least 20 rocks lower than in phase 1
Phase 4 Phase 2 and 3 have been reached, and either there are no more

rocks directly on top of the victim, OR one of the sides of the task
�eld is cleared from rocks, meaning there is an access route to the
victim from either the left or right side

Goal phase Phase 2, 3 and 4 have been reached, and there are no more rocks
directly on top of the victim, AND one of the sides of the task �eld
is cleared from rocks, meaning there is a free route from either the
left or right side to the victim. The task terminates when this phase
is reached

Table 3.2: The task conditions speci�ed for each Phase Variable used in the state space of the Reinforcement
Learning algorithm.

2, Phase 3, Phase 4, Goal Phase). Table 3.2 describes the details of the individual states.
We chose to not explicitly represent learning about collaboration in the learning agent,
since we wanted to focus on implicit behavioral adaptations (as explained in Research
Challenges). We combined this with a system inspired by the Options Framework (Stolle
and Precup, 2002) and a basic greedy Q-learning algorithm. In the Options Framework,
agents use RL to learn a meta-policy as well as several �sub-policies.� These sub-policies
can also be seen as macro-actions; they are combinations of atomic actions that are used
together to solve parts of the task. Usually, these macro-actions are learned in parallel
with the meta-policy, but sometimes they are pretrained, such as for example in Illanes
et al., 2019. To further simplify the learning problem, we chose to prede�ne three rule-
based macro-actions; the agent could choose from these macro-actions in each phase of
the task (a description of each macro-action is given in Figure B.1, Figure B.2, and Figure
3.5). The rewards for the RL algorithm are based on two factors: 1) the time it took the
team to move to the next phase, and 2) the amount of additional harm done to the vic-
tim. The agent would receive this reward when transitioning into a new phase, or when
the task terminates due to becoming unsolvable or due to a timeout. The height of the
rewards was made such that the total reward given was always negative. With initial Q-
values of 0, this ensured that in the �rst three runs of the experiment, the agent would try
out all three macro-strategies in order, to enforce initial exploration. A visual overview
of the learning problem is provided in Figure 3.6, after we have explained more details
about the experimental method.

3.4.4. CLAIMS: EXPECTED OBSERVATIONS

W E expect to observe several behaviors within this task environment, given that it
was designed to study co-learning behavior. We have formulated these expected
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Figure 3.3: A �owchart showing the rule-based decision making the agent would go through when using
Macro-Action 1. See Appendix B for a full page version of this Figure.

Figure 3.4: A �owchart showing the rule-based decision making the agent would go through when using
Macro-Action 2. See Appendix B for a full page version of this Figure.

observations as the following claims:

� Different participants develop different ways of performing the task;

� The agent learns different sequences of macro-actions for different participants;

� Different teams converge to different ways of performing the task;

� The agent converges to a speci�c sequence of macro-actions for most participants;

� The human converges to a speci�c strategy within the experiment.

In the Discussion (Discussion), we use the results of our experiment to critically
evaluate whether we have been able to study co-adaptation as a precursor for co-

learning with our methods by verifying to what extent these claims hold.

3.5. METHOD OF STUDY FOR IDENTIFYING INTERACTION PAT-
TERNS

T HE experimental setup and procedure described below was approved by the Human
Research Ethics Committee at Delft University of Technology on August 17th, 2020

(reference number: 1261).
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Figure 3.5: A �owchart showing the rule-based decision making the agent would go through when using
Macro-Action 3.

Figure 3.6: An overview of the representation of the learning problem embedded in the experiment. It shows
the different runs that a participant went through (5 runs for level 1, 3 runs for level 2), as well as how the runs
were separated into 4 phases de�ned by the Phase Variables. The colors show how in R1.1, R1.2 and R1.3, the
robot usually used O1�picking up all, O2�passive large rocks and O3�breaking respectively in each phase.
From R1.4 onwards, the robot would choose a Macro-action based on the learned Q-values. The Future Run
portrays the behavior that the robot would engage in if there were another run, based on the Q-values after
R2.3.

3.5.1. PARTICIPANTS

A total of 24 people participated in the experiment (17 female, seven male), recruited
through personal connections on LinkedIn, within the university, from a Slack com-

munity on AI and Design and from interns at TNO. The average age among the partic-
ipants was 24.8 (Std = 2.47). All of the participants had a university degree in a STEM
�eld. Most of them had little to some experience with gaming (n = 7 for �little experi-
ence,� n = 10 for �some experience�). Also, most of them expressed that they had no to
little experience with human-robot collaboration (n = 11 for �no experience,� n = 7 for
�little experience�) or human-robot collaboration research (n = 11 for �no experience,� n
= 5 for �little experience�).

Due to a few problems in the data collection, some participants were excluded from
all of the analyses or some of the analyses. Two participants (one female, one male) were
excluded from all analyses, because there were signi�cant connectivity issues during the
execution of the experiment and/or data collection went wrong on more than one factor.
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One participant (female) was excluded from the questionnaire analyses, because their
data was not properly saved, and one participant (male) was excluded from the robot
behavioral analyses, because the log data was not properly saved.

3.5.2. DESIGN AND MATERIALS

P ARTICIPANTS were divided over two conditions: 1) a condition in which participants
were instructed to think aloud and 2) a condition in which they were asked to per-

form the task in silence. Since we study learning processes, and since it is known that
thinking aloud can have an effect on learning, the two conditions ensured that we had
control over any possible effect.

We presented the task environment described in Task Implementation to all partic-
ipants, in the form of two different levels. The �rst level was designed to be relatively
easy, as it could be solved by simply clearing away all rocks (Figure 3.2A). A complicating
factor was that breaking rocks would easily hurt the victim, which would therefore need
to be avoided. The second level was designed to be more challenging: it contained a
brown rock that could not be picked up at all (Figure 3.2B). This means that if the brown
rock would fall on top of the victim, it would no longer be possible to save the victim and
�nish the task.

Participants played the �rst level �ve times, as it was estimated from pilot runs that
�ve times would provide ample opportunity for both the participant and the robot to
learn a working strategy. Participants then played the second level three times, to give the
team the opportunity to adapt to the new situation. The repetition allowed for within-
subject analyses, in which the behavior of participants could be compared between rounds,
as well as between-subjects analyses of learning. For an overview of how the de�nition
of the task in the Reinforcement Learning algorithm combines with this setup, Figure
3.6.

3.5.3. PROCEDURE

T HE experiment was conducted through a video call between the experimenter and
each individual participant, while both were located in their own home for the course

of the experiment. Participants were given access to the experimental task using Parsec,
which is a screen-sharing platform made for collaborative gaming (�Parsec�, n.d.). This
ensured that participants had control over the task environment, while allowing the ex-
perimenter to observe their behavior.

All participants went through the following steps:

1. Participants were seated in front of their own computer at home;

2. They read the instruction, signed the consent form and provided some demo-
graphic information as well as information on their experience with video games,
human-robot collaboration and human-robot collaboration research;

3. Participants had the opportunity to do a short test scenario of the task without the
virtual robot, to familiarize them with the task environment and the controls;

4. Participants were presented with the �rst pre-speci�ed level. After �ve runs, the
new level was presented to the participant, which they played three times;
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(a) The participants in condition A were asked to think aloud during the execu-
tion of the levels;

(b) After each level, participants completed a selection of the questionnaire on
Subjective Collaboration Fluency (taken from Hoffman, 2019, see Appendix
C for the questions used). In addition, they were asked to rate how con�dent
they were that their strategy was a good strategy for solving the task on a scale
of 1�10;

(c) After the �rst �ve runs and at the end of the experiment the participants were
interviewed about their experiences.

3.5.4. DATA COLLECTION AND ANALYSIS

S EVERAL Several types of data were collected in order to answer our research ques-
tions:

1. Screen captures and notes of behavior in the MATRX environment during the exe-
cution of the experiment

2. Voice recordings of the participants in condition A while they are thinking aloud
during the execution of the experiment

3. Voice recordings of short interviews (see Appendix C for the questions asked)

4. Collaboration Fluency scores

5. Con�dence of Strategy scores

6. Q-table as learned by the robot and log of how it changes

We will explain in more detail how this data was collected and how it relates to our re-
search questions in the sections below.

BEHAVIOR

In order to identify what interaction patterns drive co-adaptation and co-evolution, we
wanted to look at how the behavior and strategy of the team changed over time, and
which interactions were used in that process. We used data types 1, 2, 3 and 6 for this.
The screen captures and notes (data type 1) serve mainly as data on the human behavior,
while the thinking aloud output and the interviews (data types 2 and 3) help to explain
why humans behave in a certain way. The Q-tables (data type 6) serve to see what strat-
egy the robot chose in each phase of the task. Normally, behavior of a robot driven by RL
is assessed by looking at the cumulative rewards. As we are not necessarily interested in
performance, but in the behavior resulting from the learning process (as prescribed in
Rahwan et al., 2019), we chose to look at the development of the Q-tables, to understand
what macro-action the robot learned to choose in each phase.

A Grounded Theory (Charmaz, 2014) process was used to identify recurring adap-
tive behaviors from the screen captures and notes. This means that we went through a
process of open coding �rst, while constantly writing short memos of observed patterns.
After that, we collected all codes and categorized and clustered them until reaching the
desired level of detail.
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We will explain how the behavioral data and Q-tables were used to answer our re-
search questions in more detail in Section Results.

SUBJECTIVE COLLABORATION FLUENCY AND CONFIDENCE SCORE

Within the task that we designed, it is quite dif�cult to keep track of task performance
due to the possibility for large differences in strategies, as well as because the task can
become unsolvable. To still keep track of how the human-robot team performed over
the course of the experiment, we have chosen two measures for tracking subjective task
performance: subjective collaboration �uency and con�dence score (data types 4 and
5). These measures helped us to validate that our experiment setup actually allowed for
learning and improvement.

For subjective collaboration �uency, we used a short version of an existing question-
naire (Hoffman, 2019). To measure participants’ con�dence in their strategy, we asked
them to rate con�dence on a scale from 1 to 10 with the following question: �How con�-
dent are you that your strategy is the right strategy?�

3.6. RESULTS
3.6.1. SUBJECTIVE COLLABORATION FLUENCY AND CONFIDENCE SCORE

W E have created a box plot of the Subjective Collaboration Fluency scores (Figure
3.7). The Con�dence scores followed a very similar pattern, therefore we do not

go into further detail about those. Both scores follow a pattern with scores starting off
relatively high in run one, after which they drop for run two and three, move up again for
four and �ve, drop again for six and then move up for the last two runs. To test whether
thinking aloud and the number of the run affected participants’ experience of collabo-
ration with the robot, the Subjective Collaboration Fluency score was entered in a one-
way repeated measures ANOVA with Thinking Aloud (yes/no) as between-subjects fac-
tor, and run number (1�8) as a within-subjects repeated measure factor. Results show
that there was no signi�cant difference between the participants who were instructed
to think aloud (Mean = 40.56, Std = 22.78) and those who were not (Mean = 45.12, Std
= 25.75) (F = 0.81, p = 0.38), while there was a signi�cant effect on the run (F = 5.97, p
< 0.0001). When looking at Figure 3.7, we expected this signi�cant difference to exist
between round one and round two, round three and round four, round �ve and round
six and round six and round seven (scores went down after round one, up after round
three, down again after round �ve and up after round six). To test whether these differ-
ences between rounds were signi�cant, we did a post-hoc analysis using a Tukey HSD
test, which mostly con�rmed the differences visible from the plot: R1.1 and R1.2 are sig-
ni�cantly different (p = 0.006), R1.3 and R1.4 are signi�cantly different (p = 0.006), R1.5
and R2.1 are almost signi�cantly different (p = 0.058) but R1.4 and R2.1 are (p = 0.003).
R2.1 and R2.2 did not differ statistically, but R2.1 and R2.3 do, although not signi�cantly
(p = 0.114).

The pattern of scores on both �uency and con�dence over runs are probably caused
by the setup of our experiment. In the �rst run, the robot would use macro-action 1 for
the whole task, which is the easiest to work with from a participant perspective. There-
fore, participants may have been inclined to assign high scores in the beginning. In run
2 and 3, the way the RL algorithm is implemented causes the robot to use macro-action
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Figure 3.7: The Collaboration Fluency scores per run in the experiment for all participants.

2 and 3 respectively for the whole task, which are quite hard to understand from a partic-
ipant perspective, arguably leading to a lower level of experienced �uency. In run 4 and
5, the robot would start picking its macro-action based on previous performance, while
the participant would have learned to work with the robot a bit more. It is likely that
this made the �uency scores go up again. Run 6, however, introduced the new scenario
in which previously learned strategies often did not work anymore. In runs seven and
eight the human-robot team would then learn to perform better at this second scenario,
inducing participants to give higher scores on experienced collaboration �uency. Fol-
lowing this explanation of the scores, these results suggest that our experiment design
indeed allowed for a learning process of the human-robot team as we anticipated.

3.6.2. INTERACTION PATTERN ANALYSIS

T HE open coding process of behavioral summaries, based upon the information from
videos, interviews and notes, yielded a list of 52 different behaviors. These behaviors

consist of task-related actions by the participant; interactions between the participant
and the virtual robot; learning (participant learns something about the task or the col-
laboration); strategies (combinations of actions executed over longer periods of time);
team performance and participant emotional responses. After excluding behaviors that
did not relate to adaptation in speci�c (e.g. actions such as �picking up top rocks�) and
behaviors that were more of an assessment of the quality of a behavior rather than a de-
scription (e.g. performance factors such as �not understanding the link between waiting
and robot action�), a list of 38 behaviors was left.
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These 38 behaviors were categorized in the following two categories (based on the
categorizations made in van Zoelen et al., 2021):

� Stable situations (9 behaviors): behaviors observed in-between adaptations, such
as the behavior of the participant alternating acting and waiting for the robot.

� Sudden adaptations (29 behaviors): behaviors in which the human and/or robot
adapted their actions, thus starting a transition from one stable situation to an-
other. The adaptation happens in a single moment or over a short period of time,
often in response to a newly hypothesized or discovered property of the partner’s
behavior.

The full list and categorization can be found in Appendix D. The behaviors listed in the
Appendix are closely tied to the experimental task. The descriptions of the behaviors
were processed to �t co-adaptation in general (such that we can call them interaction
patterns). For this purpose, some of the behaviors were combined into one descriptive
interaction pattern. The resulting list, consisting of 23 interaction patterns (�ve stable
situations, 18 sudden adaptations), is presented in Table 3.3.

The biggest group is that of �sudden adaptations,� the patterns that often arise in
response to a discovery, an expectation, or a surprise of one of the partners. In order to
better understand this important group of adaptive interaction patterns, we explored in
more detail the nature of the triggers that initiate them, what characterizes the execution
of these patterns, and what they bring about in the human-robot collaboration. Again
following the approach taken in van Zoelen et al., 2021, we used the following terms to
describe the sudden adaptations:

� External trigger: an event outside of the partner (e.g. in the task, environment or
other partner) triggers an adaptation to a new stable situation;

� Internal trigger: an event inside of the partner (e.g. a speci�c expectation or change
of mind) triggers an adaptation to a new stable situation;

� Outcome: a speci�c action that is preceded by an internal or external trigger, that
will gradually develop into a new stable situation afterward;

� In-between-situation: a speci�c action that is preceded by an internal or external
trigger, that serves as a new trigger for adapting to a new stable situation afterward.

The results of this can be found in Table D.3.

Category Concept Description
Stable
situation

Actively synchronizing actions
with a team member

Human understands the capabili-
ties of another team member and
actively uses their own actions to
make optimal use of the combined
capabilities
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Alternating actively working
on the task and waiting for a
team member

Human switches between per-
forming their own task for a while,
then waiting for a team member to
perform their task, and so on

Being generally passive and
letting a team member do
most of the work

Human is overall passive and lets
the other team member do the
work

Damage control: Prevent dam-
age caused by a team member

Human performs actions that
prevent their team member from
causing intentional or uninten-
tional harm or damage

Focusing on own task Human performs their own task
without paying much attention to
their team member

Sudden
adaptation

Avoiding communication with
a team member

One of the team member actively
avoids the other team member to
avoid unwanted communication
interpretations

Being confused by non-
human-like behavior

A human team member is con-
fused by non-human-like behavior
performed by a team member

Being confused by unexpected
behavior (negative)

One of the team members is con-
fused or frustrated by behavior per-
formed by their team member that
they did not expect

Being happy that a team mem-
ber does as expected

One of the team members is happy
that their team member performs
the kind of behavior that they ex-
pect and hoped for

Being surprised by unexpected
behavior (positive)

One of the team members is pos-
itively surprised by behavior per-
formed by their team member that
they did not expect

Coming into action when a
team member comes into ac-
tion

A team member starts to actively
perform their task after a period of
inaction, when their team member
also starts to actively perform their
task after a period of inaction

Doing useless or harmful ac-
tions because there is nothing
else to do

A team member is unable to
perform useful actions, there-
fore starts performing useless or
harmful actions

Feeling alone, as if team mem-
ber does not help

A human team member feels left
alone



3.6. RESULTS

3

69

Following a team member’s ac-
tion

A team member follows or copies
the action performed by another
team member

Learning about behavioral
cues

A team member gains insight into
speci�c behavior performed by an-
other team member

Learning about own capabili-
ties

A team member gains insight into
their own capabilities

Learning about team mem-
ber’s capabilities or strategy

A team member gains insight into
the capabilities or strategy of an-
other team member

Moving around different task
components

A team member moves around dif-
ferent task components without
actually performing any task

Team member changes strat-
egy, which is visible by a be-
havioral cue

A team member observes that an-
other team member changes strat-
egy by a behavioral cue

Team member performs an ac-
tion that makes no sense

A team member performs a useless
action

Trying to communicate by in-
teracting with a team partner

A team member attempts to com-
municate with another team mem-
ber by directly interacting with
them, for example by coming close
to them

Trying to communicate by sig-
naling task actions

A team member attempts to com-
municate with another team mem-
ber by trying out different actions
that they want their team member
to perform

Waiting for a team member to
start acting

A team member waits for another
team member to start performing
their task

Table 3.3: The interaction patterns identi�ed from the behavioral data, including a description of what they
entail.

3.6.3. COLLABORATIVE LEARNING

I N addition to developing a comprehensive description of adaptive interaction pat-
terns, we further explored how human behavior, and speci�cally human behavior

adaptation, in�uenced learning by the virtual robot. We analyzed and coded human
adaptive behavior at a detailed level by identifying the interaction patterns as described
above, but in order to analyze how the development of robot behavior and human learn-
ing depend on each other, a different level of detail was necessary. We looked at three
aspects of the data:

� For each participant, we looked at the Q-tables of the virtual robot at the end of
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each run in the experiment, to see which of the three macro-actions received the
highest expected reward in the different phases and runs of the task;

� For each participant, we identi�ed the main behavioral strategy used by the hu-
man per run, as well as during the whole experiment;

� We analyzed how the chosen macro-actions of the virtual robot can be associated
with speci�c behavioral strategies of the participants.

We will describe our process for all three of these aspects in more detail below.

VIRTUAL ROBOT Q-TABLES

The Reinforcement Learning algorithm addressed learning when to apply which of three
macro-actions or options (as described in Figure B.1, Figure B.2, and Figure 3.5; we will
call them O1�picking up all, O2�passive large rocks and O3�breaking from here on-
wards) and used four phase variables to identify states. Figure 3.8 shows an overview of
how often the robot learned to pick speci�c macro-actions in each phase (Figure 3.8A)
and each run (Figure 3.8B), based on the macro-action with the highest expected reward.

As the robot’s choice for macro-options is not clearly related to the phases in the task
(especially phase 2, 3 and 4 are very similar, as can be seen in Figure 3.8A), we looked
mostly at Figure 3.88B to understand how the robot’s behavior developed. The �gure
shows that in the �rst three runs the robot mostly tried out all macro-strategies one by
one, as determined by how the algorithm was programmed. Small deviations from this
are likely caused by some participants going back and forth between phases in the task,
rather than moving through them linearly as we initially expected. The robot gener-
ally learned to select O1�picking up all most of the time for most participants over the
course of the next few runs, which �ts with how level 1 of the experiment was designed.
From run 6 onwards, when the second level was introduced, the robot learned to choose
O2�passive large rocks and O3�breaking more often. This shows that the robot is able
to generally learn what works best for the task.

PARTICIPANT BEHAVIORAL CLUSTERING

To better understand how the behavior of the participants developed over time, we per-
formed a manual clustering of participant behavior per run. Based on the behavior ob-
servations as described in Section Interaction Pattern Analysis, we de�ned the following
behavioral clusters:

� Just focus on own behavior ef�ciently

� Balancing acting and waiting

� Exploring how the robot works by observing and trying to communicate

� Actively using O3�breaking

� Actively using O2�passive large rocks



3.6. RESULTS

3

71

Figure 3.8: An overview of how often certain Macro-actions were chosen by the robot across all participants
per phase (A) and per run (B).

The result of this clustering can be seen in Figure 3.9. It is dif�cult to �nd detailed in-
sights from this �gure, apart from the fact that more participants showed more adaptive
behavior in the later runs, as indicated by the red and olive green bars in the �gure. Par-
ticipants’ strategies did not develop linearly, and it also did not converge to one speci�c
type of behavior consistently within our experiment. To be able to see whether human
learning had an in�uence on robot learning, we chose to remove the dimension of time
(runs) from our participant data, and focus on whether and how a participant adapted
over the whole experiment. We created the following clusters based on participant adap-
tation over the whole experiment:

� Does not adapt: participant shows no signs of adapting to strategies employed
by the robot; participant either focuses on their own task, or constantly switches
between behavior strategies as they focus too much on the robot.
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Figure 3.9: An overview of how many participants used speci�c behavioral strategies per run.

Cluster Participants
Does not adapt 2, 6, 9, 15, 21, 22, 23, 24 (n = 8)
Adapts by balancing passively waiting
and acting

12, 13, 14, 16, 27, 28 (n = 6)

Adapts by actively using O2 or O3 3, 8, 10, 17, 19, 20, 26 (n = 7)

Table 3.4: The clusters resulting from manually clustering participants based on whether they adapted to the
robot across the whole experiment.

� Adapts by balancing waiting and acting: participant shows signs that they adapt
by waiting for the robot to act, and to use that robot behavior to determine their
own response. It suggests that the participant understands that being passive for
a while may cause the robot to act.

� Adapts by actively using O2�passive large rocks or O3�breaking: participant vis-
ibly adapts as they actively guide the robot to pick up or break rocks by waiting on
top of those rocks.

This clustering of participants according to their dominant strategy resulted in three
clusters with a similar number of participants per cluster, as shown in Table 3.4.

COMBINING PARTICIPANT ADAPTATION AND ROBOT LEARNING

In order to explore whether these different types of adaptation employed by participants
affected robot learning, and whether differences occur between clusters, we plotted the
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Figure 3.10: An overview of how often certain Macro-actions were chosen by the robot across all participants
per run, split up by the level adaptation the participant showed: (A) shows participants who adapted by actively
using O2�passive large rocks and/or O3�breaking, (B) shows participants who adapted by balancing waiting
and acting, and (C) shows participants who did not adapt.

robot strategies per human adaptation cluster, as shown in Figure 3.10. These �gures
present the bar graphs of how often the different macro-actions were chosen across the
group, in an attempt to more closely evaluate any possible differences between the three
clusters. The �gures suggest a response in the robots’ behavior to the participants’ ac-
tions, especially later on, in the �nal runs. When we compare the �gures for �adapts
by balancing passively waiting and acting� (Figure 3.10B) and �does not adapt� (Figure
3.10C), the former shows the trend of using O1�picking up all in the �rst level (�rst �ve
runs) and using other strategies in the second level (run 6�8) more strongly. The �gures
for �adapts by actively using O2 or O3� (Figure 3.10A), however, shows that the robot al-
ready learned to use O2�passive large rocks and O3�breaking before being introduced
with the second level, and actually moving back to O1�picking up all a little more to-
ward the �nal runs.

This suggests that if participants learned more about the robot behavior and adapted
their own behavior more strongly (by actively guiding the robot with O2�passive large
rocks and O3�breaking), the robot was also able to learn to use those strategies more
often. This combined learning effect therefore can be seen as learning at the team level.
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3.7. DISCUSSION
3.7.1. INTERACTION PATTERNS THAT DRIVE CO-LEARNING

W E set out to investigate what interaction patterns between humans and robots drive
co-adaptation as a precursor for co-learning. From the behaviors observed in our

experiment, we identi�ed a list of interactions and a set of interaction patterns. It should
be noted, however, that (interactive) behavior is very much determined by the speci�c
context. This means that our list should not be considered as a complete list of all pos-
sible co-adaptive interactions. It should rather be seen as a collection of interaction pat-
terns that are likely to appear in contexts similar to ours, where co-adaptation is centered
around mutual observation and harmonizing actions when collaborating.

The collection of interaction patterns can be used as a language for recording, ana-
lyzing and coding co-adaptive behavior. By describing observed behavior with such in-
teraction patterns, complex behavioral observations of human-robot co-adaptive strate-
gies can more easily be compared. The interaction patterns can also be useful as a vo-
cabulary for a human-robot team itself to discuss the adaptations that they are engaged
in, to help them elaborate and sustain successful collaborations over time.

3.7.2. VALIDATING THE RESEARCH ENVIRONMENT

A N important objective of this study is to improve our understanding of how human-
robot co-learning develops, as well as how the adaptive processes of both partners

interact. We de�ned claims for the experimental environment we designed; if these
claims are justi�ed, it means that it enabled us to study co-adaptation, the process that
we consider to be a precursor for co-learning. Table 3.5 shows the claims described in
Claims: Expected Observations and annotated conclusions as to whether we were able
to justify the claims in the present study.

As can be seen in the table, only one of the claims was justi�ed completely. Fortu-
nately, many of the other claims were partly justi�ed. For the claims that we did not real-
ize, the results provide cues for how to design a research environment that better �ts the
claims. We regard these �ndings as an important step toward studying and revealing the
processes involved in human-robot co-learning. Aspects that should be improved upon
or need further work center around a few problems that we will elaborate on below:

1. Behavior strategy: Convergence vs. �exible adaptations

2. Statistical analysis of complex behavioral data

3. Behavior of the individual team member vs. behavior of the team

4. Task effects vs. participant effects

In our claims in Table 3.5, we mentioned convergence several times. This stems from the
principle that a Reinforcement Learning algorithm should aim for convergence toward
an optimal solution. However, when studying co-learning, we speci�cally use dynamic
task environments that have no �xed optimal solution, and in which unpredicted events
can require strategy changes. In such environments, convergence is not a good criterion
for performance, as agents (human as well as robot) are required to continuously learn
and adapt. For human-robot co-learning it can be argued that it is better to make the
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algorithm learn certain repeated subsequences of interactions (or interaction patterns),
and to store those in a rule-based manner. Once a pattern of interaction has proven to
be successful in multiple instances of task situations, it can be applied, combined and if
necessary revised in similar but other task situations. We therefore believe that future re-
search into co-learning should not take convergence as a criterion for the robot’s behav-
ior, but to focus on the emergence and sustainability of successful interaction patterns
(aspect 1).

The results show that the robot had a similar learning process across all participants
despite the high variety between individual participants. However, the behavioral data
of both the robot and the participant is quite complex. Sometimes there are radical
changes in behavior between one run and the next, and even within one run partici-
pants sometimes quite radically changed their behavior. It is a challenge to analyze such
data as it is often dif�cult to clarify the origin of the behavior from the data. Our qualita-
tive analysis and clustering is able to deal with this complexity and provides many useful
insights, therefore we would advise future research into co-learning to include similar
qualitative analyses. When further investigating co-learning, it will, however, also be
relevant and interesting to verify insights statistically. This will require different design
considerations. The current complexity in behavioral data is partly due to the interac-
tion between two adaptive systems, and probably an inherent property of co-learning.
Moreover, the human and robot can approach the task in many different ways by de-
sign. This property is a strength of our experiment, as it allows participants to behave
relatively freely and naturally, but it also contributes to the complexity of the resulting
co-adaptation. For future research, it will be important to explicitly take these properties
into account when designing an environment for experimentation (aspect 2), in such a
way that insights can be veri�ed statistically. For example, in our design, the strategies
of the robot were separate, nominal actions, but if we can design a learning agent such
that their learned behavior is ordinal (e.g. by using more or less of a certain behavior),
it might be easier to apply statistical methods. Moreover, we can look into data analy-
sis methods used in complexity science, to see if they can be applicable to co-learning
scenarios.

Lastly, it is currently a challenge to determine which aspects of the �nal team behav-
ior are caused by adaptations of individual team members, and which by interactions
between them. Similarly, we cannot yet conclusively determine which aspects of the
learned strategy are caused by the task, and which by the individuality of a participant
(e.g. what does the robot learn just because of the task, and what does the robot learn
because a certain participant behaved a certain way). To solve this problem, we need
to �nd ways to separate the different effects, for example by creating relevant baseline
results. Letting the robot perform a task and learn by itself is not an option in the context
of team tasks, as the nature of such task dictates dependencies between the team mem-
bers. A possibility might be to create a simulated, possibly rule-based human agent for
the robot agent to collaborate with.

3.7.3. FUTURE STEPS FOR STUDYING HUMAN-ROBOT CO-LEARNING

T HE discussion regarding the interactions that underlie co-learning provide several
pointers and suggestions for improving the design of our research methods. Besides
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Claim Justi�ed Explanation
Different participants de-
velop different ways of
performing the task

Yes When looking at the different interaction
patterns that people engage in, and catego-
rizations of their adaptive behavior, we can
see that different people indeed performed
the task in a variety of ways

The agent learns different
sequences of strategy op-
tions for different partici-
pants

Partly The results showed that not all agents
learned the same model on an individual
level. However, the models had much in
common, suggesting that all agents learned
similar behavior. When splitting this up
in groups based on human adaptive be-
havior, there seems to be a difference in
learned agent behavior between the differ-
ent groups. Currently, however, we did not
do any statistical analysis to test whether
this is a signi�cant result

Different teams converge
to different ways of per-
forming the task

Partly When looking at the different interaction
patterns that participants engaged in with
their robot team partner, different teams
solved the task in a variety of ways (see H1).
However, it is unclear to what extent the
robot contributed to this. Moreover, while
participants generally gained more con�-
dence in their strategy and expressed to ex-
perience a greater subjective collaboration
�uency toward the end of the experiment, it
is unclear to what extent the strategy of the
team really converged to a stable one

The agent converges to
a speci�c sequence of
strategy options for most
participants

No While we did observe a logical develop-
ment of the Q-values on a population level,
this does not count for all of the individual
agents. Moreover, it is not clear to what ex-
tent the agents really converged to a stable
set of actions

The human converges to
a speci�c strategy within
the experiment

Partly The categorizations of participant behav-
ior show that participants settle on a stable
strategy more and more over the course of
the experiment. This is also shown by the
development of the con�dence scores and
subjective collaboration �uency. True con-
vergence to a stable strategy, however, is not
clearly visible within the 8 runs of the exper-
iment

Table 3.5: The claims as presented in Claims: Expected Observations that need to be justi�ed in a co-
adaptation experiment, including whether they were validated and an explanation of that conclusion.
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the suggestions above, however, there are several other directions in which we believe
that co-learning research should develop. In this paper we developed an approach for
studying co-learning. Since we were still de�ning what it means to study co-learning,
the scope of the task, learning algorithm and opportunities for interaction had to be
limited. Eventually, if we want to enable and study co-learning in full-�edged teams,
it will be necessary to use more complex task environments, more intelligent agents or
robots and more elaborate interaction and communication between the human and the
robot. In the following section we will therefore further outline the two research direc-
tions mentioned in Research Challenges that we did not further address in this paper
(research direction two and three).

The �rst direction is aimed at enabling the communication between partners within
the team, especially communication about adaptations. We believe that in order for
team members to produce successful sequences of interactive behavior, that can be
used strategically across contexts, it is necessary that the team members can commu-
nicate with one another. The interaction patterns that we have identi�ed might be used
as a start for a vocabulary for such communication interactions, but the speci�c timing,
modality and details of the interactions will have to be designed and studied.

The second direction is aimed at making the agent or robot more intelligent in terms
of its abilities for co-learning. In the experiment we presented, our agent only learned
based on task-related rewards. It makes sense to also explicitly reason about or take
into account the human’s behavior and preferences in learning. There is a large body of
research on personalizing robot behavior, e.g. by making the robot develop a user model
of its partner, but these models often do not explicitly take into account that the human
continuously learns and adapts. We therefore believe that there is a need for user models
and team models that speci�cally accommodate the adaptive interactions as described
in this paper. A team mental model that is able to represent the interactions within a
team will support the partners in developing and sustaining successful adaptations and
to synchronize and align their actions and learning processes.

3.8. CONCLUSION

C O-LEARNING is an important mechanism for building successful human-robot teams.
However, there is no general understanding of what co-learning means in the con-

text of human-robot teams. In this paper, we de�ned the concept of co-learning based
on related literature, and positioned it in relation to co-adaptation and co-evolution.
From this de�nition, it is clear that adaptive interactions between humans and robots
play a central role in co-learning. We de�ned requirements for studying how bi-lateral
adaptation emerges from the interactions between humans and robots.

From these requirements, we developed an experimental task environment based
on a real-life Urban Search and Rescue task. The task was designed such that it allowed
human participants to behave relatively naturally and freely, enabling us to record and
analyze emerging adaptive interactions between a human and a robot. A bottom-up
coding process based on Grounded Theory allowed us to identify recurring interaction
patterns. The resulting list of interaction patterns describe stable situations (repeating
subsequences of stable behavior) as well as sudden adaptations (changes in behavior
happening over short periods of time). These patterns can emerge in similar task con-
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texts, thereby forming a description and analysis method of co-adaptive behavior in
human-robot teams.

Over the course of the experiment, the robot learned similar strategies for most par-
ticipants. However, the results show that the learned strategies were slightly different
depending on whether a human participant adapted their behavior to the robot. This
suggests that human learning affected the robot’s Reinforcement Learning. More specif-
ically, the human learning about and adapting to a speci�c strategy of the robot enabled
the robot to learn to stick to that strategy. This shows how learning on the individual
level lead to team level learning in our experiment.

This paper presents a theoretical framework and a methodological approach for study-
ing the processes that underlie co-learning in human-robot teams. The strengths as well
as the shortcomings of our approach provide ample directions for future research into
this important process that ultimately de�nes the quality of human-robot teaming.
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4
ENABLING EMBODIED

HUMAN-ROBOT CO-LEARNING:
REQUIREMENTS, METHOD, AND

TEST WITH HANDOVER TASK

Despite a large body of research on robot learning, it has not yet been thoroughly studied
how collaborating humans and robots learn reciprocally. In such situations, both hu-
mans and robots continuously learn about each other and the task through interaction.
This paper addresses the research question: �How can human-robot co-learning be facili-
tated in physically embodied collaborative tasks?�. First, we derived �ve requirements for
successful human-robot co-learning from literature: shared goal, synchrony, interdepen-
dence, adaptability, and transparency. Based on these requirements, we designed a col-
laborative human-robot handover task and a robot Q-learning method. In an evaluation
with six human participants co-learning was indeed found to emerge in the hand-over
task. Particularly, for three of the human-robot dyads, our designed setup proved to fa-
cilitate co-learning in a way that met all �ve requirements. The task and robot learning
method presented in this paper demonstrate how human-robot co-learning can be en-
abled in physically embodied tasks.

A Emma M. van Zoelen, Hugo Veldman-Loopik, Karel van den Bosch, Mark Neerincx, David A. Abbink, Luka
Peternel. 2024. Enabling Embodied Human-Robot Co-Learning: Requirements, Method, and Test With Han-
dover Task. In IEEE Robotics and Automation Letters, 1425 - 1432.
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4.1. INTRODUCTION

H UMAN-ROBOT collaboration research has rapidly evolved in the last decade (Ajoudani
et al., 2018). Collaborative robots are being used in various industries and domains,

performing an increasing amount of tasks side by side with humans. To ensure that hu-
mans and robots collaborate effectively, it is essential that they learn about each other
and the task, to improve their collaboration over time (van den Bosch et al., 2019). Espe-
cially in dynamic, real-world environments, this learning will partly need to take place
on the job, while humans and robots are collaborating.

We call this continuous collaborative learning process Co-Learning. When a human
and robot are Co-Learning, both agents simultaneously learn how to collaborate effec-
tively as a team by adapting their behavior to the other (Li et al., 2023; van Zoelen, van
den Bosch, and Neerincx, 2021; van Zoelen, van den Bosch, Rauterberg, et al., 2021). As
a result of this reciprocal adaptation, new patterns of collaboration emerge. Human-
robot Co-Learning can be used to improve performance and personalize robot behavior
to their human collaborator (Shafti et al., 2020). Recent research has explored the use
of Co-Learning to improve Collaboration Fluency and task performance (Johnson et al.,
2014; van den Bosch et al., 2019; van Zoelen, van den Bosch, and Neerincx, 2021; van
Zoelen, van den Bosch, Rauterberg, et al., 2021).

Co-Learning is a relatively new and unstudied topic within human-robot collabora-
tion. The dynamics of Co-Learning have previously been explored in virtual environ-
ments (van Zoelen, van den Bosch, Rauterberg, et al., 2021) and with Wizard-of-Oz se-
tups (van Zoelen, van den Bosch, and Neerincx, 2021). These initial studies have shown
that humans and robots collaborating can develop successful patterns of collaboration
as a result of reciprocal adaptations. There is however limited research on Co-Learning
in physically embodied environments with robots whose actions are governed by Ma-
chine Learning algorithms. There are some relevant studies on human-robot mutual
adaptation and collaborative learning (e.g. Amirshirzad et al., 2019; Ikemoto et al., 2012;
Nikolaidis et al., 2017; Peternel et al., 2016), within which there is often a strong focus on
task performance improvement. There are only a few exploratory studies on the process
of Co-Learning and the patterns of collaboration that emerge as a result (Kumar et al.,
2024; Shafti et al., 2020). As the existing studies pay little attention to how Co-Learning
can be facilitated, our research was guided by the following research question: �How can
human-robot co-learning be facilitated in physically embodied collaborative tasks?�

We studied this question for a team consisting of a human-robot dyad, and focused
on Reinforcement Learning (RL) as the learning method for the robot. This paper pro-
vides a set of core requirements for human-robot co-learning, and presents the design
and evaluation of a human and a robot collaborating on a handover task based on these
requirements. We use a qualitative approach to get an in-depth understanding of the
co-learning process in relation to our requirements and design, as well as to provide a
basis for future research on co-learning.

4.2. DESIGN REQUIREMENTS

W E have de�ned �ve design requirements for human-robot Co-Learning in physi-
cally embodied tasks based on literature research (Loopik, 2022): shared goal, syn-
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Figure 4.1: Experiment setup for the human-robot co-learning of an object handover task. The robot consists
of the KUKA LBR iiwa7 800 robotic arm with the qb-softhand attached. The Optitrack motion tracking system
is used to track the pose of the human hand via a sensorized glove. The human is also performing a secondary
task, as explained in Section 4.3.1

chrony, interdependence, adaptability, and transparency. We examine each of them in
the following subsections.

4.2.1. SHARED GOAL

E NSURING that both team members have the same goal is crucial for them to converge
to congruent strategies (Johnson et al., 2014; Katz-Navon and Erez, 2005; van Zoelen,

van den Bosch, and Neerincx, 2021). This can be done by rewarding both team members
based on the joint task goal (e.g., Rijgersberg-Peters et al., 2023). This leads to the �rst
requirement:

R1 Both the human and the robot are rewarded similarly, based on their collaborative
performance.

4.2.2. SYNCHRONY

C O-LEARNING is most likely to succeed when both agents learn synchronously to en-
able continuity, reciprocity and complementarity in their learning process (cf., Hen-

drikse, 2024; Mörtl et al., 2014). If team members’ learning is "disconnected", the mo-




























































































































































































































































































