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Learning Human-Robot Interactions
to improve Human-Human Collaboration

Radu Stoican1, Angelo Cangelosi1, Christian Goerick2, and Thomas H. Weisswange3

Abstract— Most research in human-robot interaction focuses
on either the single-human case or the multi-human case where
there is direct interaction between the robot and each human.
The multi-human scenario in which some of the humans depend
on the robot, but do not interact with it directly, is currently
less studied. In this paper, we introduce a human-human-robot
collaboration task, in which the robot interacts directly with
only one of the humans. The goal of the robot is to find the
optimal way of helping the two humans achieve their objective.
We decided to use meta-reinforcement learning to solve the
task, giving the robot the ability to quickly adapt to new human
behavior. We trained and tested an agent on a version of the
proposed environment that uses simulated human behavior.
Initial results show that our task is learnable.

I. INTRODUCTION

Human-robot collaboration (HRC) is concerned with
human-robot interaction (HRI) scenarios in which humans
and robots work together, aiming to achieve a shared objec-
tive [1]. Researchers study HRC to measure and understand
the effects robots have on humans in scenarios where robots
are integrated into teams of humans.

Direct interaction is the most obvious and most studied
type of interaction in HRI. However, in a human-robot team,
a robot’s behavior may affect the entire team, even if it
interacts with only some of the humans. These indirect
interactions are less studied but can be just as important for
HRC.

It is important to consider trust when humans and robots
interact. As a consequence, there is a large amount of work
on trust in HRI, most of it focusing on the humans’ trust in
robots [2]. Some issues make the development of trustworthy
social robots difficult. One of these is finding the optimal
amount of trust [2], since maximizing trust can lead to over-
trusting, which can cause problems [3]. Another issue is
caused by the large number of factors that can affect trust.
The extensive body of research on trust in HRI has shown
that, besides the robot’s behavior, trust can also be affected
by the human’s personality or the HRI task [3].

Humans’ wellbeing (WB) is another social construct that
can be influenced by a robot. The study of WB in the broader
field of human-computer interaction is closely related to
positive computing. Positive computing focuses on the design
of technologies that have the goal of directly improving
users’ WB [4], [5]. Software built for positive computing pro-
motes positive emotions, and can have objectives like stress
management [6], self-help [7] or socialising [8]. In general,
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WB can be split into evaluative, hedonic, eudaimonic, and
social WB [9], [10]. Hedonic WB is concerned with day-to-
day emotions [9] and can be relatively easy to influence and
measure in HRI experiments.

In this work, we propose a human-human-robot collab-
oration environment in which the main focus is indirect
interaction. In the environment, a third party, represented
by a human, collaborates with a pair consisting of a robot
and another human. The assumption we make is that the
third party is affected by the performance of the human-
robot team, but only interacts directly with the other human,
not the robot. The environment we propose can be used to
measure and analyze the third party’s trust and hedonic WB.
Because the third party has to interact with the other human
to be affected by the robot’s actions, it is possible to study
how the robot’s behavior influences trust and WB in human-
human interaction.

We use reinforcement learning (RL) to train an agent
that solves the proposed environment. RL studies both the
set of problems concerned with behaving optimally in an
environment and the algorithms used to find this behavior
[11]. The optimal behavior is learned by interacting with the
environment. RL has been used in human-robot interaction
scenarios (HRI) [12], where agents learn how to behave by
interacting with humans. However, RL is known to be very
sample inefficient [13]. This is a problem in robotics, where
collecting data is expensive [14]. RL is also limited when
it comes to quickly adapting to new environments. These
two issues are especially true in HRI [12], [15], due to the
complex human behavior.

An approach for avoiding the sample inefficiency issue
when adapting to new environments is meta-reinforcement
learning (meta-RL). Meta-RL agents are trained on several
tasks to find a policy that can be easily adapted to new,
but similar, tasks. In other words, solving a single task is
no longer the main goal. Meta-RL is more concerned with
learning how to learn about new tasks. Because of this, meta-
RL is appropriate for our environment, as some of the agent’s
objectives are to quickly understand the third party’s goals
and to adapt to dynamic teams, where each human member
brings in different expertise and expectations.

However, a limitation of current meta-RL algorithms is
that they only generalize to very similar tasks [16]. This
provides restrictions when applying meta-RL to real-world
robotics tasks, like HRI. Algorithms that adapt better and
benchmarks that contain more diverse tasks are required be-
fore meta-RL can provide the type of generalization required
for interacting with diverse, complex environments.



Meta-RL holds potential for HRI, with agents being able
to quickly adapt to new humans or new tasks defined by the
humans. Yet, research on the usage of meta-RL for HRI is
still very limited. Meta-RL has been used for studying how
adapting fast to new humans influences trust in HRI [17]. It
has also been used as an attempt at solving an important issue
in RL for HRI, where the reward function depends on the
social context [18]. Since there is no unique optimal reward
function for all tasks, the agent uses meta-RL to adapt to
each reward. Still, these studies are restricted by the meta-
RL issues outlined above.

Therefore, besides the focus on multi-human indirect in-
teraction, our proposed environment has a second objective.
The environment is defined as a set of similar tasks. These
tasks are much more varied than most of the task collections
used in the current meta-RL literature. We aim to create
tasks that can only be solved by an agent that adapts. We
also aim to ensure that a task’s optimal exploration policy
is specific to that task. Therefore, it is expected that existing
meta-RL algorithms will not be adaptable enough to solve
our environment.

In this paper, we present the main concepts of our work,
while leaving objectives like measuring trust and WB as
future work. We make two contributions:

1) Propose an HRI environment that can only be solved
by an artificial agent that understands indirect interac-
tions and quickly adapts to new humans.

2) Present preliminary empirical results that show how
RL can be used to solve the proposed environment.

II. RELATED WORK

A. Trust and Wellbeing in Human-Robot Interaction

In [19], trust modeling is used to assess humans’ skills
in an HRC task. The paper shows that knowing when to
trust a human and when not to can lead to improved task
performance. There are similarities between this work and
ours, but we choose to focus more on the multi-human
scenario and indirect interactions. The experiments presented
in [20] aimed to show that when given the choice between
using a human and a robot to complete a task, participants
are more likely to choose the agent they trust more. While
trust impacted the participants’ choice, other factors, like
task type, were more important. Trust was also studied
in the context of HRC in [21], with results showing that
participants’ trust decreases when the robot makes a mistake,
unless the mistake was due to a limitation already known by
the participant.

The literature on WB in HRI is still limited, compared
to trust. A study on how factory workers’ WB is affected
after introducing a collaborative robot is presented in [22].
The effects on medical staff after using robots in a hospital
are analyzed in [23]. However, their interviews show that
staff are concerned with issues like depersonalization, which
relates more to eudaimonic WB than hedonic WB. The
hedonic WB of passengers in self-driving cars is measured
in [24]. Despite this not being an HRI study, there are

similarities to our work, as the focus is on a third party,
the passenger, that has no direct control over the artificial
agent.

B. Reinforcement Learning in Human-Robot Collaboration

In [25], RL is used to study how the fairness of the
artificial agent affects humans’ trust in a multi-human HRC
scenario. The goal of the agent is to share resources based on
each participant’s usefulness in the task. The authors report
that an unfair agent that favors stronger participants leads
to the weaker participants trusting the system less. An RL
framework for improving safety in HRC is presented in [26].
The framework takes safety requirements as inputs and uses
RL to produce a safe policy.

C. Meta-Reinforcement Learning

Meta-learning focuses on the idea of learning to learn:
given a set of tasks and an algorithm, the algorithm will get
better at solving tasks from the set as it gains more data for
each task and the number of tasks increases [27]. Meta-RL
combines meta-learning with RL.

There are three main types of meta-RL algorithms: re-
current, gradient-based, and context-based. Context-based
algorithms are the current state-of-the-art in meta-RL. In
context-based meta-RL, the task-specific context collected
from a task can be used to adapt to that task. Notable
algorithms include PEARL [28], variBAD [29] and ELUE
[30].

A critical issue in meta-RL is that many algorithms
have only been proven to work on datasets that have little
variations between tasks. Meta-World [16] is a meta-RL
benchmark that contains a large variety of tasks. There are 50
robot manipulation tasks with significant differences between
them, e.g. pick and place, pushing, opening doors, etc.
Moreover, each task has randomized parameters, giving an
even larger distribution. Therefore, only a highly adaptable
RL agent would be able to solve Meta-World. However,
each Meta-World task is limited by simplistic randomized
parameters that only change the location of objects or goals.
Contrary to this, the parameters of each of our tasks are given
by complex human behavior.

III. METHODS

A. Meta-Reinforcement Learning

RL problems are usually represented as Markov Decision
Processes (MDPs). An MDP is solved by finding an optimal
policy that maximizes the expected accumulated reward that
an agent gets when navigating the MDP. The dynamics of
the environment are not known to the agent, so finding an
optimal policy has to be done through trial and error, by
interacting with the environment.

Meta-RL extends this definition by using a distribution of
tasks, where each task is an MDP. While there are differences
between these tasks, there are also similarities, as all MDPs
in the distribution have shared features. A meta-RL agent
trains on multiple tasks during the meta-training phase. This
way, it learns about the shared structure of the MDPs and



finds a policy that can quickly adapt to the task-specific
structure of each MDP. Testing is performed on new tasks
from the same distribution during meta-testing. The agent
is expected to adapt efficiently, after training on only a few
samples from each new task.

In contrast to meta-RL, a standard RL agent trained on a
task distribution might try to find a policy that is globally
optimal for all tasks. However, this optimal policy might fail
to generalize to new tasks, if they are too different from
those seen during training. Moreover, the assumption that
there exists a policy that is optimal on all tasks from the
distribution is not usually true, in which case only a policy
that adapts can be optimal [31].

B. The Environment

The environment we propose is a set of tasks, containing
a theoretically infinite amount of MDPs. All tasks are repre-
sented as human-robot collaboration scenarios with one robot
and two humans. The scenario is a construction game with
colored blocks, in which the three agents work together to
build a structure. A simulated version of the environment is
shown in Fig. 1. The role of the RL agent is to choose which
colored block the robot should hand to one of the humans,
based on the game’s rules and the humans’ objectives.

Indirect interaction is a central feature of the environment.
Let one of the humans be called h1. The robot only interacts
directly with h1, and h1 interacts directly with the other
human, h2. Therefore, the robot and h2 interact only through
h1. Additionally, h2 is affected by the outcome of the task,
and this outcome can be influenced by the robot, so h2 does
depend on the robot. This dependence is also indirect, as h2

can only be affected by the robot’s actions by interacting
with the other human, h1. Consequently, in the case that
either the robot or the other human behaves sub-optimally,
it is difficult for h2 to assign blame. This means that the
robot’s behavior impacts both the task performance and the
trust between the two humans. The relationships between the
three agents are compactly shown in Fig. 2.

The agent that controls the robot is trained using RL,

Fig. 1. A task in our simulated environment. The robot and the two humans
(represented by hand models) work together to build a structure with the
blocks provided.

Fig. 2. The relationships between the robot and the two humans, h1 and h2.
Blue arrows indicate direct interactions. Green arrows show which members
affect h2’s wellbeing and trust. The robot targets to influence aspects of h2,
but only interacts directly with h1.

so designing an appropriate reward function is important.
Rewards define the goal of each task. The reward function
is part of the MDP, so a poorly designed reward function
leads to an optimal agent that solves an MDP we might
not be interested in. Recall that we propose an environment
for analyzing the effects of the robot’s behavior on the
trust between h2 and the human-robot team, and on the
hedonic WB of h2. In this initial work, we approximate these
two social constructs through overall task performance. Task
performance is affected not only by the robot but by h1 as
well. The human h1 can make errors while performing the
task and the error probability varies across different humans.
The error probability also depends on the robot’s behavior
(i.e. h1 makes more errors in some states than in others).
Allowing h1 to make mistakes gives meaning to the human-
robot interactions. If h1’s behavior was deterministic, the
optimal RL agent would only have to focus on the task
and ignore the humans. However, this also means that the
agent now has to adapt to human behavior, which is why we
propose using meta-RL.

Additionally, each task contains a set of sub-goals that
h2 wants to complete as fast as possible and in a specific
order. These sub-goals are completed correctly only if both
the robot and the human h1 behave optimally. Therefore, we
assume that h2’s trust and WB depend on how the sub-goals
are completed. Then, for a task with n sub-goals, we define
the reward at time-step t when working on the i-th sub-goal
as

rt,i = − t− ki
i

, (1)

where i ∈ {1, 2, ..., n} and ki is the time-step at which the
i-th sub-goal was started. The accumulated reward increases
when sub-goals are completed in the correct order and there
are no delays caused by robot or human errors. Thus, the
reward cannot be maximized by an RL agent that ignores
the humans’ goals and behaviors.

Each task in the distribution can be manually defined
or randomly generated. Differences between tasks include
the color and number of blocks, the number of sub-goals,
the correct order of the sub-goals, and the requirements for
completing each sub-goal. Meta-RL algorithms from recent



literature are usually tested on very simple manipulation or
navigation tasks, where the position of the goal changes
across tasks [28], [29], [32]. These environments are, by
definition, distributions of tasks, and they have no global
optimal policy that can solve all MDPs. However, there
usually is a global optimal policy for adapting to them. In
our proposed environment, there can be large differences be-
tween the optimal policies for different tasks. This forces the
agent to find task-specific strategies for exploring each MDP
efficiently. Therefore, our proposed environment contains a
wider task distribution, with significant differences between
tasks. Additionally, each task can be seen as a distribution
itself, since a task depends on the humans’ behavior, which
varies. This hierarchical approach to defining the tasks is
similar to Meta-World [16].

IV. RESULTS

We will now present a preliminary experiment where we
attempt to solve the proposed environment using RL. We
use PEARL [28] to solve the tasks. For simplicity, these
experiments were performed on a single type of task, and
the task distribution required for meta-RL was created by
varying the human behavior. The main goals of these initial
results are to show that RL can solve the environment and
to highlight the importance of having an adaptable agent.

The improved sample efficiency meta-RL has over stan-
dard RL only holds for adapting to new tasks during meta-
testing. During meta-training, meta-RL still requires a large
number of samples. As a consequence, in these initial exper-
iments, we used simulated humans and a simulated robot.
Varied human behavior is still a central part of the proposed
task collection. Therefore, whenever a task is created, the
simulated human h1’s probabilities of making different types
of errors are sampled from a multivariate normal distribution.

Before PEARL can be applied to the proposed environ-
ment, some slight modifications have to be made. PEARL
uses Soft Actor-Critic (SAC) [33], which is a sample-efficient
off-policy RL algorithm. SAC assumes a continuous action
space, so the first modification is to extend SAC to the
discrete action space [34] used by our proposed environment.
The second change is related to the temperature parameter,
which controls the exploration-exploitation trade-off during
training. PEARL uses a version of SAC where the tempera-
ture hyperparameter is manually set. The temperature has a
significant effect on training, but finding the optimal value
can be difficult. Therefore, we decided to use the improved
version of SAC, where the temperature is set automatically,
as presented in [35].

Our initial results are shown in Fig. 3. Training per-
formance is measured by meta-testing the agent on the
same tasks used for meta-training. Validation performance
is measured by meta-testing the agent on tasks it has never
seen before. While the training and evaluation tasks are
sampled from the same distribution, we decided to only
sample evaluation tasks from a region of the distribution
that was intentionally left out when sampling the training
tasks. This ensures that high performance is the result of an

Fig. 3. The agent’s validation performance is close to the theoretical
maximum baseline, showing that our environment is learnable

agent that can generalize to new tasks, and not a consequence
of the similarity between training and validation tasks. The
results are reported as the average return of meta-testing on
all tasks. The performance on each task is the average return
of meta-testing the agent on several episodes from that task.
Running several episodes on each task allows the agent to
adapt.

For comparison, we provide a baseline that records the
maximum reward that can be obtained when both the RL
agent and the humans behave optimally. Since the RL agent
has only limited control over the humans’ behavior, the
optimal agent will not always reach this baseline. Results
show that the agent can learn the goals of the task. Moreover,
the agent’s performance on new tasks is similar to its
performance on tasks encountered during training, which can
be an early sign of the agent’s ability to adapt.

The results presented are promising. However, it is im-
portant to remember that they are not sufficient to claim that
the agent can adapt to new tasks. More work has to be done
to define the parameters of an environment where adapting
is the only way to be optimal. If such a carefully-crafted
environment is used during meta-training, then during meta-
testing, the trained agent should be able to adapt to tasks that
contain any new human, simulated or real.

V. CONCLUSIONS

We have presented an HRI environment focused on indi-
rect interactions, and preliminary results on using RL to solve
this environment. A current limitation of our work is that
training is done in a simulation. Extending this to real tasks,
with real humans, is an important next step. Fortunately,
meta-learning can be used for sim-to-real transfer [36].
Performing experiments with real humans also means we
can measure the effects indirect interactions have on the
participants’ trust and WB. Finally, we want to use meta-
RL to solve our proposed environment and create an RL
agent that can adapt to new tasks and humans. This will
likely only be possible if we also provide an improvement
to current meta-RL algorithms.
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