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Abstract— As we will increasingly encounter robots in our
everyday lives, engage with them in social interactions, and
collaborate on common tasks, it is important we endow them
with the capability of adapting to our abilities and preferences.
Moreover, we want them to be able to explain the decisions they
make in collaborative tasks to maximise rapport and build trust
and acceptance. Current explanations are missing a focus on
the individual user’s needs, which is why we want to learn when
and what to explain in a collaboration. This paper proposes the
roadmap that we plan to implement with the goal of inferring
the user’s mental state from physiological and social signals in
order to inform explanation generation and robot adaptation.
We present preliminary results utilizing eye gaze and a planned
framework that allows a collaborative robot to adapt to its
human collaborator and tailor its explanations to them in order
to minimise the confusion in an interaction.

I. INTRODUCTION

Social robots can help us tackle societal challenges in a
variety of areas, especially, in education or healthcare [1].
One of their applications, for instance, is in home assistance,
where robots will extend the autonomy of the elderly by pro-
viding support with tasks that become too physically taxing
for the person. However, the environments and interactions
in which these robots will participate bring a host of new
challenges. The humans a robot interacts with will differ
in many aspects such as age, cultural background, physical
ability, or personal preferences.

We are interested in giving robots the ability to understand
their human collaborators and interaction partners in order
to tailor their behavior to a specific person. Every human
will have their own approach to solving a certain task, and
the robot should recognize these approaches as valid plans
instead of errors in the collaborator’s policy. It should also
be able to justify its choices and help the user when they
are unsure of the robot’s actions or confused by the task
itself. In the example of caring for an elderly person, the
robot should be able to recognize that different people have
different preferences, for example, one person might be fine
with a robot coming in contact with them during assisted
dressing while another might not. Furthermore, the robot
should be able to explain its actions, for instance, why it

*: Authors have contributed equally to this work.
This work was supported by UK Research and Innovation

(EP/S023356/1), in the UKRI CDT in Safe and Trusted AI. This
work was also supported by the CHIST-ERA project COHERENT
(EP/V062506/1) and the EPSRC project LISI (EP/V010875/1). Gerard
Canal was supported by the Royal Academy of Engineering and the Office
of the Chief Science Adviser for National Security under the UK IC
Postdoctoral Research Fellowship programme.

P. Tisnikar, L. Wachowiak, G. Canal, A. Coles, and M. Leonetti are with
the Department of Informatics, King’s College London, WC2R 2LS, United
Kingdom. O. Celiktutan is with the Department of Engineering, King’s
College London, WC2R 2LS, United Kingdom. {name.surname}@kcl.ac.uk

Physiological and 

social signals

Environment

Collaborator model Explanations

When?

What?

Fig. 1. The proposed explanation framework takes into account the
physiological and social signals that it observes from the human collaborator,
the task-specific information, and creates a mental model of the collaborator
for providing explanations.

tries to give the care recipient a certain type of medication.
By doing that, the robots in our homes will make a step
forward from being machines that need constant supervision
to partners capable of doing things the way we want them
to do them, without us explicitly guiding them every step of
the way.

In this work, we outline the approach we will be taking to
address some of these questions, namely the adaptation to a
user’s plan and explanations given to the user when confusion
arises. We base our approach on the preliminary results
of a study of eye gaze in a collaborative task, discussed
in Section III. We aim to contribute a novel framework,
which incorporates both of these properties and we plan to
implement this on a physical robot, testing it on an interactive
collaborative task. We will base our framework on the use
of physiological and social cues that a person expresses
during their interaction with the robot: eye gaze, heart rate,
electrodermal activity, posture, and facial expressions (as
seen in Figure 1). We argue that these provide a rich source
of information, which can be used to generate explanations
with appropriate detail at the right time and shape the
robot’s behaviour in a way that maximises the quality of
the interaction by minimising confusion of the user.

II. RELATED WORK

The need to design a framework which allows robots to
become user-aware collaborators is well known. Lemaignan
et al. [2] propose a cognitive deliberative architecture for a
robot that is capable of human–robot interaction (HRI) and
outline the necessary capabilities of such robot: a mental
model of the collaborator, which is used when the robot plans
its actions. A survey by Tabrez et al. [3] shows that most



collaborative or interactive robots use some form of mental
modelling of the collaborator by use of inverse reinforcement
or inverse planning algorithms.

Others have focused on the inference of mental states
using physiological [4] and social cues [5] expressed by the
human during the interaction. Eye gaze, for instance, is well
known to reflect cognitive processes [6] and can, therefore,
also provide information about the mental state of the human
during interaction with a robot. Due to this property, eye
gaze can be used as a reward which is used to shape a
robot’s behaviour, as seen in [7], where a neural network
is trained to map human facial expressions to performance
and use them to improve an agent’s policy. Furthermore, eye
gaze signals can be used as an enhancement to other types
of teaching. Saran et al. [8] enhance kinesthetic teaching
with eye gaze fixations, as they show that eye gaze reveals
information that might not always be directly observable
from the teacher’s actions alone. Lastly, eye gaze is known
to indicate task intent in collaborations, which showcases the
usefulness of being aware of your collaborators gaze when
wanting to adapt to them [9].

Beyond its use as learning signal, eye gaze has the
potential to be used in explainability research. Use of eye
gaze and physiological signals in general has, to the best
of our knowledge, barely been explored in the explainable
agents literature. However, such cues could play a role
in overcoming one of the major shortcomings of current
explanations — not being user-centered [10], [11]. Some
areas of research focus on automatically detecting critical
moments of an interaction, e.g., a robot making errors or a
human not knowing how to proceed in a task. Such moments
can be interpreted as warranting an explanation given by
the agent: the agent explaining why they engaged in the
erroneous behavior and the agent explaining the task to the
user. Kurylo and Wilson [12], for instance, try to identify
when a user requires assistance based on gaze patterns.
Kontogiorgos et al. [13], on the other hand, investigate users’
reactions to agent errors, which in the future could also be
used as an indicator for when to provide an explanation. In
addition, Trung et al. attempt to automatically detect errors
made by a robot only using a persons head and shoulder
movements [14]. Lastly, Das et al. present a method on how
to generate explanations that help users understand why a
robot failed [15].

Fig. 2. The two video game levels used in the study.

III. EYE GAZE PATTERNS DURING HUMAN–AGENT
COLLABORATIONS

To extend the body of work on using physiological and
social signals to optimize HRI, we conducted a study in-
vestigating how eye gaze patterns differ at various phases
of an interaction [16]. In the study, we asked participants
to play a collaborative video game in which they had
to coordinate with an AI agent to maximise their game
score (Figure 2). This task was based on an implementation
of the game Overcooked provided by Carroll et al. [17].
Overcooked requires the human–agent team to cook soups by
accomplishing interdependent sub-goals and was previously
used as testbed in explainability research [18].

From our preliminary analysis, we conclude that eye
gaze patterns significantly differ between the investigated
conditions: normal workflow, confusion by task, and agent
error. In our future work, we want to exploit such patterns in
order to adapt to the human collaborator and generate user-
centered explanations. For example, if the agent could infer
that it is making an error based on the user’s gaze signal the
agent would know that it has to stop this erroneous behavior
or initiate a dialogue with the user in order to discuss whether
to continue or change its behavior.

IV. ROADMAP

In order to develop and implement the framework, we
propose three distinct phases through which we aim to first
extend the study of social signal into an interaction with a
physical robot, then enable the robot to adapt to the human
collaborator, and provide explanations based on the inferred
mental model.

A. Data Collection with a Physical Robot

We wish to extend this study into a collaborative task
with a physical robot. The test task will recreate one of
the levels from the collaborative task of our initial study,
as seen on the left-hand side of Figure 2. We will extend
the study by adding other modalities such as heart rate,
electrodermal activity, posture, and facial expressions. A
collaborative task with forced collaboration gives us greater
amount of control over the space of strategies and possible
errors, whilst guaranteeing collaboration between partners.
We hope to extend the findings of our initial study, which can
then be used to provide policy shaping signals for adaptation,
and underpin the timing and content of explanations.

B. Adaptation

As physiological and social signals indicate the user’s
mental state, we can optimise for favourable patterns by
shaping the agent’s behaviour. For example, a robot’s policy
can be tailored to a person who is left-handed and prefers all
interaction with the robot to happen on their left-hand side.
If the robot insists on interaction taking place on their right-
hand side, the person might become confused and frustrated
by the robot’s behaviour, as observed in [19]. Knox and
Stone [20] have shown that policy shaping can be done
with explicit rewards from the human teacher. However, they
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Fig. 3. The classic reinforcement learning paradigm is extended to include
the human collaborator, who gives two types of rewards: Implicit reward
based on physiological and social signals, and explicit reward based on their
preference. The agent and the human act in the environment, and receive
observations from it.

acknowledge that credit assignment difficulties, which are
typical in problems with sparse rewards, remain in their
approach. We argue that the continuous nature of implicit re-
wards alleviates some of these issues, as the reward function
becomes denser, thus, improving the learning performance.
However, we also anticipate that there will be conflicts
between explicit and implicit signals, and we are interested
in finding an arbitration scheme which resolves this conflict.
We are therefore interested in comparing adaptation based
on explicit rewards with adaptation based on implicit rewards
alone, as well as a mix between explicit and implicit rewards,
all in a collaborative scenario. The relations between those
two type of rewards and the agent are depicted in Figure 3.

C. Explanations

Moreover, we want to use the physiological and social
signals in order for the agent to learn when and what to
explain during a collaboration, as shown in Figure 1. To
achieve that, we will, firstly, train a classifier that predicts
aspects of the user’s mental state such as level of confusion
and source of confusion. The classifier will be trained in
a supervised manner using data labeled by multiple inde-
pendent annotators. In order to decide whether a participant
was confused for a given frame, the annotators will consider
recordings of the interaction as well as (retrospective) think-
aloud interviews [21] from the participants. For now, the
only sources of confusion we consider are agent errors and
difficulties in understanding the environment. In the future, a
finer-grained taxonomy of such sources could be considered,
for instance, including robot errors, social norm violations
by the robot, e.g., [22], the robot’s inability to execute a
task, e.g., [23], difficult to grasp strategies, e.g., [24], and
missing task or environment information. Secondly, we will
integrate this information into a planner. This planner could
model giving an explanation as action, while integrating the
information regarding the user’s confusion as preconditions
that decide whether explanatory or productive actions are
being executed, thus, deciding the timing of an explanation.
Additionally, the explanation’s content should target the
source of confusion. For instance, when the user sees the
agent making an error, the user might want to know why
the agent did that in order to understand the faulty beliefs of

the agent. If, on the other hand, the user is confused about
what they have to do in a task, the agent might provide
helpful advice regarding how to proceed. We expect some of
the physiological and social signals to work better as strong
signals of when and what to explain than others. Gaze targets
might need to be redefined for different domains, whereas
signals such as facial expressions or heart rate variability are
expected to work across domains.

V. CONCLUSION

In this paper we presented a roadmap to a framework in
which a robot is able to improve the interaction quality in a
collaborative task with a human through proactive adaptation
and user-centered explanations. We plan to achieve that by
interpreting physiological signals such as heart rate and
electrodermal activity as well as social signals such as eye
gaze, facial expressions, and posture in order to inform the
robot of the user’s mental state. The robot will then be able to
use this information to shape its policy in order to minimise
the undesired mental states of the collaborator. We hope that
by augmenting or completely removing explicit rewards, the
collaboration will become more intuitive and personalised
to each individual collaborator. Lastly, being able to detect
when a user is confused as well as what they are confused
about will allow the agent to know when and what to explain.
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