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ABSTRACT
A team develops competency by progressive mutual adaptation and
learning, a process we call co-learning. In human teams, partners
naturally adapt to each other and learn while collaborating. This is
not self-evident in human-robot teams. There is a need for methods
and models for describing and enabling co-learning in human-robot
partnerships. The presented project aims to study human-robot
co-learning as a process that stimulates fluent collaborations. First,
it is studied how interactions develop in a context where a human
and a robot both have to implicitly adapt to each other and have
to learn a task to improve the collaboration and performance. The
observed interaction patterns and learning outcomes will be used
to (1) investigate how to design learning interactions that support
human-robot teams to sustain implicitly learned behavior over
time and context, and (2) to develop a mental model of the learning
human partner, to investigate whether this supports the robot in
its own learning as well as in adapting effectively to the human
partner.
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process that usually takes place in an implicit as well as explicit
manner. While humans tend do this naturally, it is a key research
and development challenge for long-term human-robot collaboration: How to involve social robots in a continuing human-robot
co-learning process for advanced team performance?
Co-learning is a continuous process, shaping the behavior of
the team over time [16]. We define co-learning as two alternating
iterative processes: (1) partners monitor each other and adapt their
behavior accordingly. This adaptation can be done deliberately but
often occurs implicitly and unconsciously. After that, (2) partners
communicate about these adaptations and give each other feedback,
thereby consolidating the learned behavior. Especially this second
process of making explicit what has been learned helps to sustain
the behavioral adaptations over time and across contexts.
Many studies on human-robot collaboration and mutual adaptivity focus on short term interactions. We believe that it is necessary
to also include the longitudinal aspect when studying co-learning.
The presented research project studies co-learning in human-agent
partnerships in the context of safety-critical situations, where sustaining the learned behavior in the robot as well as the human
is especially important. Two initial experiments on tension-based
leader-follower negotiations and observation-based work strategy
harmonization addressed the following research question: What
patterns of successful human-robot collaborative adaptation can
be identified in a given task? The patterns identified in these experiments will be used to study the consecutive research questions:
(1) How to apply interaction patterns that make team partners explicitly aware of learned behaviors, so that the behaviors can be
sustained over time and contexts? (2) How can a dynamic team
model, that takes into account the naturally occurring changes in interaction patterns, support the robot in its learning process? It will
be investigated how the combination of interaction patterns and
a dynamic team model support co-learning and effective humanrobot team performance.

INTRODUCTION

When people collaborate in teams, they have to become familiar
with each other and learn through interactions how to coordinate
their actions to achieve fluent collaboration and effective team performance. This process is called co-learning, a mutual learning
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BACKGROUND

Creating collaborations between robots and humans in mixed humanrobot teams has been widely studied within the HRI community
(human-robot collaboration or HRC [1, 4, 15]), as well as the AI
community (human-agent teaming or HAT [2, 6, 9]). Understanding
how to achieve fluent collaboration between humans and robots
is still a challenge, but there is general agreement that adaptivity
is necessary in order for a robot or agent to be considered a team
partner [7, 8]. Several researchers have emphasized the importance
of learning from, with and about each other in creating successful
human-robot collaborations (e.g. [11, 16]). Experimental studies

mostly focus on making the agent or robot adaptive to the human, using different kinds of information about the human (e.g.
[3, 5, 13, 17]). Some studies have investigated how a human adapts
and learns in situations in which they collaborate with an intelligent agent, but these studies mostly focus on the performance of
the human and their resulting behavior (e.g. [10–12, 18]). In addition, most of the empirical studies investigate adaptation within
a relatively short amount of time, thus concentrating on ad hoc
adaptations. We believe that the field of co-learning in human-robot
teams needs models of how human-agent learning develops, as well
as insights into methods that enable this process.
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Preliminary results show that when participants were focused
on their own strategy or not behaving consistently, the robot would
be unable to learn a working strategy. On the other hand, when participants adapted their strategy to avoid the robot making mistakes,
the robot was able to not only learn an effective strategy, but also
to choose the strategy that fit best with the participant’s strategy.

IDENTIFYING PATTERNS OF
COLLABORATIVE ADAPTATION

We conducted experiments to understand how different humanrobot interaction patterns influence and enable co-learning. We
looked at two types of implicit team behavior adaptations: switching
between leader-follower behaviors via tangible interaction, and
attuning work strategies via observations of robot behaviors.

Figure 1: Left: A participant with the robot on a leash for the
leader-follower experiment. Right: The USAR task used in
the work strategy harmonization experiment.

3.1
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Tension-based Leader-Follower
Negotiations

The first study involved an embodied human-robot collaborative
navigation task, using a Wizard of Oz robot on a leash [19]. As
capabilities of a human and a robot are often complementary, deciding who needs to lead and who needs to follow at each moment
in a collaboration is not trivial. In order for a human-robot team to
learn what interactions between them are productive for achieving
the team’s goal the partners need to try out different mutual behavioral adaptations to initiate or accommodate leadership shifts. In
the experiment, participants performed a physical navigation task
with the robot on a leash (see Figure 1), during which they were
continuously confronted with seemingly conflicting intentions of
the robot. Participants were instructed to find a good strategy by
finding a balance between taking the lead and following the robot.
Feedback factors from the task (e.g. getting closer to the goal) and
from the robot partner (e.g. the robot pulling the leash) triggered
humans to reconsider when to lead and when to follow. Participants developed diverse strategies of leading and following, such as
gradually handing over the lead to the robot, or exploring a leading
strategy but moving to a more following strategy.

3.2

Observation-based Work Strategy
Harmonization

For the second experiment, an urban-search-and-rescue inspired
virtual task and virtual robot were designed. Within this environment, participants had to clear away rocks to save a victim, together
with the virtual robot (see Figure 1). The robot was programmed
to select from three rule-based behaviors in each phase of the task
using the options framework in reinforcement learning [14]. Over
the course of several rounds of performing the task, participants
were instructed to develop strategies for saving the victim in a safe
and efficient manner. The learning algorithm enabled the robot
to also learn a strategy that supported the team in achieving its
objective.

FUTURE STEPS

Using the insights obtained, we will research two directions: how to
develop a dynamic team model that takes into account the changing
nature of the interaction patterns and supports the robot in colearning, as well as how interaction patterns can support the team
members to become explicitly aware of implicitly learned behaviors.
This explicit awareness should ultimately lead to sustaining the
learned behavior over time and context.
When co-learning in a collaborative task, there is not necessarily one best strategy, and learning does not necessarily have
an endpoint. The strategies that team members apply will evolve
due to changes in the environment and the partners themselves.
We believe that it is necessary for both team partners to take the
possible changes in their partner into account while learning themselves. The dynamic team model will therefore model changing
knowledge of the team members about each other and the task over
the course of the collaboration. Additionally, we will model the
different adaptive interaction patterns identified in the experiments
from behavior, such that they can be recognized and communicated
about. We will investigate whether such a model can be used to
help the robot successfully adapt to its human partner.
Key in co-learning is the process of becoming aware of implicitly
learned interaction patterns. We will design new interaction patterns that support this process, for example through explanations
or feedback between the team partners. These communications can
in turn be used to update the dynamic team model, such that both
team members can grow their understanding of the behaviors that
are successful in the context of their task.
We envision future experiments to make use of a combination
of the found leader-follower negotiation patterns and the work
strategy harmonization patterns, in a context where the robot is
able to reflect on these through its dynamic team model. From this,
we hope to learn how the different elements (implicitly learned
behaviors, interaction patterns for feedback and reflection, and the
dynamic team model) support and enable sustainable co-learning
and effective human-robot team performance.
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