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Abstract. In this chapter we are presenting an overview on how adap-
tation of movement and behaviour can favour communication in Human-
Robot Interaction (HRI). A model of a communication space based on
a action-reaction classification is presented. Past research in HRI is pre-
sented for verbal, non-verbal and adaptation of communication. Further,
the influence of human aware navigation is discussed and concepts like
proxemics, path planing and robot motion are presented. The chapter
discusses possible explicated and implicated methods of adaptation as
well as it is identifying interruption concepts for communication.

Keywords: social communication through motion, human aware navi-
gation, grasp affordances, bi-manual manipulation

1 Introduction

Richmond et al (2005) state that “the importance of communication in human
society has been recognized for thousands of years, far longer than we can demon-
strate through recorded history”. A common example of communication can be
of a tourist environment where the tourist manages to interact effectively in di-
verse scenarios despite being in an exotic culture, where s/he does not share the
language, mainly through using non-verbal means including gesture-based com-
munication (Tomasello, 2010). This also suggests that humans have an intrinsic
capability of adapting their style of communication-based on the situation, or
through understanding social cues based on the voice pitch, tone, mood, gestures
of the communicating individuals (Watson, 1985). Consequently, the field of so-
cial robotics also envisions robots in the future to become a part of society and
intends to enable them to perform different kinds of communications. Hence,
efforts are made to enable robots to adapt their communication across different
social settings (Ahmad et al, 2017a).

Human communication can be classified as either direct or indirect commu-
nication. Direct communication refers to a medium that conveys a clear message
and also possesses an intended action. On the contrary, indirect Communication
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[A] The communication space.

[C] Verbal Communication

[B] Non-verbal Communication

[D] Movement of Mobile Robots

Fig. 2: Model of the communication space based on action and reaction.

refers to a medium that conveys an acted message rather than directly saying
it to the receiver with either an intended on unintended action. Based on the
understanding on direct and indirect communication, we, in figure 2, present a
model of the communication space based on actions and reactions particularly in
relation to human-robot communication. We define robot’s non-verbal commu-
nication (gestural, facial expressions based communication) where the action can
be indirect and reaction can either be intended or unintended. Robot’s Verbal
communication (conversational, speech based communication) is defined where
the action is direct and reaction can either be intended on unintended. We also
define another space of communication referring to mobile robot’s navigation
where the communication can either be direct (approaching the receiver) and
reaction can be intended or indirect (walking beside the receiver) and reaction
can be unintended.

We, in this chapter, classify different movements (gestures, facial expressions,
eyes, navigation) and behaviours (conversation, dialogue) based on our afore-
mentioned model of communication space. We later present literature on robots
adapting their behaviour or communication according to these movement of the
receiver (Human). It is important to note that we are presenting communication
strategies as dependent on actions and reactions forming a space.
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2 Communication in HRI

2.1 Non-verbal Communication

Nonverbal communication plays a major role in human-human interactions,

Fig. 3: Non-verbal Com-
munication

especially when it comes to conveying socially and
psychologically relevant information (Knapp and
Hall, 1972; Richmond and McCroskey, 1995). Percep-
tion and interpretation of nonverbal behavioural cues
(facial expressions, vocalisation, etc.) take place, to
a large extent, outside conscious awareness (Uleman
et al, 2008). The corresponding cognitive processes are
so spontaneous and pervasive that people have been
shown to react in the same way to both the cues on
displayed by humans and those displayed by machines
capable of human-like behaviour.

In other words, machines capable of simulating nonverbal behaviour activate
the same cognitive and psychological processes in their users as other humans do.
Such a phenomenon is known as Media Equation (Reeves and Nass, 1996) and its
main consequence is that machines displaying human-like behaviour can convey
socially and psychologically relevant information in the same way as people do
in their interactions.

It is probably for the reasons above that the International Journal of Social
Robotics has published no less than 39 articles on the artificial generation of non-
verbal cues in its first 10 years of life (roughly the 10% of the 425 works that the
journal has published in this period). According to the terminology introduced
in Vinciarelli et al (2008), nonverbal behavioural cues can be grouped into five
major classes called codes, namely face and head behaviour (facial expressions,
gaze, head pose, etc.), gestures and posture (hand movements, body orientation,
etc.), vocal behaviour (everything in speech except words), appearance (shape of
the body, attractiveness, etc.), and use of space and environment (proxemics,
interpersonal distance, etc.).

The majority of the works focuses on the behaviour of face and head (22 works
out of the 39 under examination). In 9 cases, the experiments show that there is a
relationship between the use of gaze, in particular eye contact, and the perception
that human users develop of the robot, especially when it comes to trust (van den
Brule et al, 2014; Stanton and Stevens, 2017). Some of these works have further
shown that making the perception of the robot more positive has an effect on
the outcome of the interaction with the users, including, e.g., improved message
retention Niculescu et al (2013) and recall of short stories in children Kennedy
et al (2017). For what concerns facial expressions (6 works out of the 22), the
problem most commonly addressed is their effective representation, i.e., how to
convey all the messages that a human face can convey while having at disposition
only a few degrees of freedom Bennett and Šabanovic (2014); Cheng et al (2013).
Finally, the synthesis of the head pose (6 of the 22 articles dedicated to the face
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and head behaviour code) is used mostly to investigate the expression of emotions
(see, e.g., McColl and Nejat (2014); Rosenthal-von der Pütten et al (2018)).

The second most commonly explored code is gestures (12 works) and posture
(4 works). In both cases, the problem that tends to be addressed most frequently
is the expression of emotions. Particular attention has been paid to the use of
deictic gestures (pointing to objects or places in the environment where the
interaction between robots and their users takes place) to ensure that the rapport
between robots and humans is reinforced, whether in terms of higher engagement
(see, e.g., Anzalone et al (2015)) or improved immediacy (see, e.g., Kennedy et al
(2017)).

A significant number of articles (7 out of the 39 examined in this section) are
dedicated to vocal behaviour and, in particular, to the use of synthetic speech
in Human-Robot Interaction (HRI). Like in the case of other codes, the problem
most frequently addressed is the expression of emotions, in particular through the
use of prosody Crumpton and Bethel (2016) and non-linguistic utterances Read
and Belpaeme (2016). However, in line with the psychological literature show-
ing that nonverbal speech properties interplay significantly with the impression
people convey, several articles have addressed the problem of improving the per-
ception people develop about a robot through the use of synthetic vocal cues
(see, e.g., van den Brule et al (2014); Read and Belpaeme (2016)).

The rest of the 39 works examined in this section rely on the synthesis of
the last two codes, namely appearance (4 works) and use of space and environ-
ments (3 works). In the first case, the main attempt is to elicit the perception
of typically human characteristics such as animacy, intelligence and gender (see,
e.g., Bartneck et al (2009); Carpenter et al (2009)). In the second case, the accent
is on the use of the physical distance between robots and users as a social cue,
especially when it comes to conveying social roles Koay et al (2014) and imme-
diacy Kennedy et al (2017). In addition to journal publications, non-verbal com-
munication in navigation has been addressed by a number of conference articles.
These describe methods such as prompting (Peters, 2011), i.e. small movements
to communicate ones intention such as inching forwards at an intersection or
hesitation (Dondrup et al, 2014), or legible movement (Lichtenthäler et al, 2012)
to communicate the intention and goal of the robot while driving/walking.

Overall, the analysis presented in this section confirms that the role of non-
verbal communication is as important in HRI as it is in Human-Human inter-
action. The attempts to synthesise nonverbal behavioural cues appears to cover
all the codes that where identified in Vinciarelli et al (2008) (see beginning of
this section) and to address the main goals that nonverbal communication ap-
pears to address in the case of humans, namely expressing emotions, conveying
impressions, regulating interaction, etc. The main difference with respect to the
psychological literature, is the relatively low number of works trying to use mul-
timodal stimuli (only 8 out of 39). However, this might depend on technical
difficulties and on the wide spectrum of possible embodiments that can make it
difficult, if not impossible, to combine multiple cues.
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In addition to the above, the social robotics community addresses two nonver-
bal communication channels that the psychological literature has not considered
for different reasons. The first is the use of touch, a form of communication that
has been recognised as a possible code to be added to the five considered so
far. However, at least in the Western culture, the use of touch is limited only
to private settings that tend to be less accessible to scientific research which is
why analysis of touch has not been studied in great depth. The second is the use
of non-human nonverbal cues such as lights, e.g. (May et al, 2015), or acoustic
signals that a robot can use, but a human cannot. In both cases, the publication
of works on the International Journal of Social Robotics can be considered as a
further confirmation of how significant nonverbal communication is in HRI.

2.2 Verbal Communication

Tomasello (2010), highlighted that humans communicate to request assistance’s,
to transmit information to others, and to share attitudes as a way of connecting
with each other. Communication is a joint activity which largely depends on the
ability to keep common attention, to share the relevant background knowledge
and joint experience in order to get the content across and make sense in the
exchanges (Clark, 1996). Both Tomasello (1996) and Hauser et al (2002) sup-
port the theory that language originated when early hominids started gradually
changing their primate communication systems, acquiring the ability to form a
theory of other minds and a shared intentionality.
Language structure can be based on systems of sounds (speech), gestures (sign
languages), or graphic or tactile symbols (writing). Here we are interested in

Fig. 4: Verbal Commu-
nication

sound systems for language to construct meaning. Lo-
han et al (2014) have shown that there is a strong
relation between spoken words and the semantic of
the word for action description represented by a dif-
ferent behaviour profile of the receiver of the action
description. Their work suggest that this behaviour
change also indicates concept understanding. Further-
more, they describe an influence on humans’ move-
ment when explaining different actions (Lohan et al,
2014). Verbal communication in form of words is thus
not a one way street, but lies in a social communica-
tion of at least two partners and changes the recipients behaviour. Furthermore,
the sound signal in our communication helps humans to structure the conver-
sation into a time dependent system that can convey further information, e.g.
in which order to complete sub-tasks as suggested by Theofilis et al (2013) and
Bilac et al (2017). When putting yourself into a robot’s shoes these features
become vital to follow an ongoing communication with a human.
By using concepts like contingency (Gergely and Watson, 1999) and acoustic
packaging (Meyer et al, 2011), robots can not only appear to engage with hu-
mans in an interaction, but can tune their input towards their perceptional needs
(Fischer et al, 2013; Lohan et al, 2011, 2012; Schillingmann et al, 2009).
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2.3 Adapting Robot Behaviours to User’s Social Cues

As highlighted above, humans communicate both verbally and non-verbally in
various forms to complete a social communication/interaction, hence, social
roboticists have also attempted to apply both principles during Human-Robot
Communication. Based on the theoretical and empirical foundation of the im-
pact of verbal and non-verbal cues during communication, researchers have im-
plemented novel means for social robots to adapt their communication to these
social cues such as: affective states (emotions), gestures, voice tone, and sev-
eral others (Ahmad et al, 2017a). A recent systematic review on the adaptivity
during HRI across health-care, education, public spaces and in-home domains
revealed that most of the robot’s communication adaptation has been based
on the user’s emotions or facial expressions and gestures during the interaction
(Ahmad et al, 2017a). Different methods to adapt robots’ communication ap-
plied in various Human-Robot Communication contexts have resulted in several
positive findings in terms of users’ attitudinal preferences as well as improving
their level of social engagement (Ahmad et al, 2017b; Leite et al, 2011) and task
performances (Ahmad and Mubin, 2018). The review also suggested that most
adaptation has been applied in the context of games and it remains an open
question to understand when should a robot interrupt a user or communication
during the interaction.

We understand that Levinger’s model of human-human relationship devel-
opment explains the reason for the positive findings with respect to integration
adaptation in human-robot communication (Levinger, 1983). Levinger (1983)
presented a model highlighting five stages of human relationships: (1) acquain-
tance, (2) buildup, (3) continuation, (4) deterioration and (5) termination. We
are particularly interested in the first three stages to describe the theoretical rel-
evance of the finding related in literature on empirical evaluation of adaptivity
in HRI. There exists a number of factors that involve acquainting with someone
(human) such as first impressions, physical appearance, behaviour, attitude and
personality (Feingold, 1992). According to one of the attitude similarity theories,
the similarity of attitudes, individual preferences, previous relational history is
among the reinforcing factors towards creating an element of attraction between
the two individuals (Byrne, 1997). Other factors include common circumstance
between the two individuals (Orbuch and Sprecher., 2006).

The second and third stage of Levinger’s model deals with the maintenance
of the human relationship. We understand that a number of behaviours are per-
formed by humans to maintain a relationship. These behaviours have been cat-
egorised into two types (routine and strategic behaviours) (Stafford et al, 2000).
Routine behaviours are defined as “those behaviours where people engage in for
other reasons which serve to maintain a relationship as a side effect (such as per-
forming daily tasks together)” (Bickmore and Picard, 2005). On the other hand,
strategic behaviours are those “which individuals enact with the conscious intent
of preserving or improving the relationship” (Stafford et al, 2000). Particularly,
we are interested in the strategic behaviours such as: have a social dialogue,
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recalling past events, providing support, giving advise or increasing trust (Duck,
2007).

Keeping the theoretical perspective of human-human relationship in mind,
researchers in HRI have also highlighted various human-robot relationship main-
tenance strategies. Researchers believe that different strategic behaviours could
be applied to the robots during long-term interaction in different social set-
tings (Bickmore and Picard, 2005). These strategic behaviours include adapt-
ing to the dialogue, recalling user’ past events, understanding and reacting to
user emotions, and several similar behaviours (Fong et al, 2003). Similarly, ex-
isting methods to adapt robot’s communication according to user verbal and
non-verbal behaviours enable the robot to generate similar strategic behaviours,
consequently, there exists a relevance between the existing findings and the afore-
mentioned human-human relationship theories. In essence, it can be inferred
from most findings that humans create relationships with robots in a similar
fashion. When a robot adapts its behaviour through understanding human emo-
tions or through understanding their gestures, it creates an element of attraction
and it, as a result, generates an increase of interest during the Human-Robot
Communication.

3 Adapting the Movements of Mobile Robots to Favour
Communication

One of the most common examples of adapting the movements of a robot to

Fig. 5: Movement of Mo-
bile Robots

favour direct and indirect communication is naviga-
tion. It can easily be seen that being outside of the
field of view of your interaction partner, e.g. (Boyle
et al, 1994), or being too far away to be perceived
in enough detail to make out gestures or hear sounds,
e.g. (Mead and Mataric, 2015), is vastly detrimental to
communication. For this reason, navigation of mobile
robots is an important factor to improve communica-
tion with a human interaction partner. This ranges
from finding the optimal distance to interact with
someone verbally or via gestures to planning paths
that maintain a certain formation with a walking human which allows you to
still be perceived and heard. This section introduces some of the most used and
interesting approaches to adapt the movements of a mobile robot on a 2D-plane,
i.e. navigation, to favour explicit communication. Implicit communication also
plays a major role in robot navigation but will not be addressed here.

3.1 Distance

The most commonly used principle in human-aware navigation (adaptive path
planning in the presence of humans) is the so-called proxemics which is a term
describing interpersonal distances and was coined by Hall (1969). This theory
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Fig. 6: Proxemics zones according to Hall (1969).

divides the space around a human into four distinct zones, i.e. Intimate Space,
Personal Space, Social Space, and Public Space, which are themselves divided into
a close and far phase. Fig. 6 shows these zones and distances with the public space
having no defined outer limit. In general interaction among strangers happens in
the Social Space or beyond (> 1.22m). Intrusions into the Personal or Intimate
Space without consent are perceived as rude or even threatening and therefore
create annoyance and stress as pointed out by Hall (1969). Similarly, in human-
aware navigation, robots aim to avoid these zones when circumventing humans
as investigated by, e.g. Pacchierotti et al (2005) and Pacchierotti et al (2006).
According to Hall, at this distance conversation is conducted at a normal voice
level. The visual focus extends to the nose and parts of both eyes or nose, mouth,
and one eye. Which parts of the face are visible at a certain distance play a vital
role in communication because gaze has been identified as an important tool in
HRI, e.g. Fischer et al (2013). According to Hall (1969), at distances of > 7.6m
voice, facial expressions, and movement must be exaggerated. Hence finding the
best distance for communication is an active field of study in HRI. A discussion
on the different shapes of these zones can be found in the work by Rios-Martinez
et al (2015).

One out of many examples of research that investigates distances for commu-
nication is the work by Torta et al (2011)) where the optimal approach distance
and angle between a small humanoid robot1 and a sitting person is investi-
gated. Torta et al (2011) present an attractor based navigation framework that
includes the definition for a Region of Approach which is optimal to commu-
nicate between the two agents. In the conducted experiment, a NAO robot is
approaching a sitting person from different angles, with the purpose of starting
a conversation. The approach is stopped when that person presses a button at a
distance perceived as suitable to achieve the task. Torta et al (2011) show that

1 NAO - https://www.softbankrobotics.com/emea/en/nao
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an approach from the front is preferable over an approach from the side and
found that the distance at which the participants stopped the robot to have a
conversation loosely correlates with the close phase of the social space as de-
fined by Hall (1969). One of the very few examples of research on the long-term
habituation effects of approach distances is the work by Walters et al (2011).
They use a standing participant and a mobile service robot instead of a NAO
in a confined space in an otherwise similar experimental setting as Torta et al
(2011), i.e. the robot approaches the participant from the front and is stopped
via a button when it is close enough to have a conversation, and inspect the
long-term effect on this most suitable approach distance. Over the first couple of
weeks, this distance seemed to decrease and then remain stable for the remainder
of the experiment.

Looking at the changing nature of people’s preferences when it comes to
distance, is not only influenced by habituation as described above but also by the
resulting robot performance. Mead and Mataric (2015) conducted an experiment
in which the human participant explained certain objects to a mobile robot via
speech and gestures from a fixed location. The robot, however, altered its position
during the trials. After an object had been explained, the robot would change its
distance to the human before the next object explanation phase started. After
each explanation, the robot signalled success or failure of understanding the
explanation to the participant where the success rate depended on the distance
to the human and was modelled as a normal distribution with its peak at 2.25m
distance to the human and a standard deviation of 1.0m. Before and after the
experiment, to evaluate if the proxemics preferences of the participants changed,
Mead and Mataric (2015) had the robot approach the participant until they said
“stop” when they thought that the robot would be at an appropriate distance
for the task. Comparing the measurements from before and after the experiment,
they found that humans indeed adapt their proxemics preferences to the area
of peak performance of the robot whereas in the control condition where the
success rate was modelled uniformly this effect did not appear.

All of the above, highlights the importance of finding the correct distance for
a robot to communicate with its interaction partner. Research is still ongoing
but the commonly accepted opinion seems to be that while it varies for each
individual based on personal preferences but also on the performance of the
robot (due to, e.g. environmental factors), the social space as defined by Hall
(1969) seems to be a good approximation. This is partly owed to the resulting
simplicity stemming from using a small set of fixed thresholds which facilitates
easy decision making under uncertainty.

3.2 Path planning

When it comes to navigation in human-populated environments, a great body
of work is dedicated to avoiding humans and enabling the robot to fulfil a given
task without being interfered with. At the same time, the robot should treat the
humans around it in a manner that makes them feel safe and adheres to factors
such as comfort, sociability, and naturalness as defined by Kruse et al (2013). A
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few examples of this being (Dondrup and Hanheide, 2016; Kirby et al, 2009; Lu
et al, 2013, 2014; Scandolo and Fraichard, 2011; Sisbot et al, 2007; Svenstrup
et al, 2010; Tranberg Hansen et al, 2009). On the other hand, there is also a body
of research that focuses not on avoiding humans but on moving to interact with
them in a more explicit way such as verbal communication or jointly executing
a given task. These approaches are described in the following.

Robot motion When communicating, humans tend to assume formations
where they place themselves in a spatial arrangement that faces inward around a
space to which everyone has immediate access. As noted by Ciolek and Kendon
(1980), this creates conditions in which each participant can effectively exchange
glances, gestures, and words. An example for such a formation of two people is
the so-called f-formation (Kendon, 1976). Maintaining formation for approach-
ing a group is, therefore, an active field of research one example being the work
by Althaus et al (2004) where the robot assumes a position in an existing group
of people which allows it to effectively communicate with everybody. Others at-
tempt to create an f-formation between human and robot such as Kuzuoka et al
(2010). Apart from assuming the correct position to interact with humans, the
way in which a robot approaches a single person or a group is of great impor-
tance for its acceptance as an interaction partner, e.g. (Avrunin and Simmons,
2014; Butler and Agah, 2001; Dautenhahn et al, 2006; Kessler et al, 2011; Koay
et al, 2007; Mumm and Mutlu, 2011; Takayama and Pantofaru, 2009), where the
consensus seems to be that approaching someone from the front or from an area
that is visible to the human is of great benefit and that appearing out of hidden
zones should be avoided (Sisbot, 2008). This has even been adopted by research
focused circumvention of humans that explicitly seek to avoid the area behind a
person to not cause discomfort such as (Pandey and Alami, 2010; Scandolo and
Fraichard, 2011; Sisbot et al, 2007) or avoiding to pass behind obstacles that
obstruct the field of view (Chung et al, 2009).

Interaction with groups is not just about how to explicitly interact with
them, i.e. joining and participating in the conversation, but also how to implic-
itly interact with them, i.e. avoiding interference. Several research groups have
investigated approaches to avoid passing through the centre of a group (≥ 2
participants) to disturb their communication by blocking their vision. Some ex-
amples of this are (Garrell and Sanfeliu, 2010; Pandey and Alami, 2010; Scandolo
and Fraichard, 2011). To the best of the authors’ knowledge, there is no work on
finding the right point in time when to pass through the centre of a group given
there is no way to avoid them. The general consensus is to circumvent them if
possible and to pass through if not. This is especially true when using simple
approaches such as Gaussian cost functions based on proxemics.

Joint motion Some tasks require that both human and robot move in unison
to a common goal. This could be the case for a museum tour guide robot where
the human or the group of humans is supposed to follow the robot guide. This
scenario has been one of the first that was adopted by the community and some
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of the most commonly known examples for these kind of robots are Rhino by
Burgard et al (1999), Robox by Arras et al (2003), Minerva by Thrun et al (2000),
Rackham by Clodic et al (2006), Mobot by Nourbakhsh et al (2003), and Cice
by Macaluso et al (2005). A similar system has also been used for therapeutic
purposes by Hebesberger et al (2016). These systems rely on the robot being in
front of the group or person so they can be seen at all times to make it easy to
follow. Moreover, the navigation systems should aim to produce goal directed
non-jittery motion to allow the human to follow the robot easily as stated by
Kruse et al (2013). There are other factors that play a role when guiding a
person or a group such as monitoring and adapting to their speed, reacting to
path alterations, finding a path that is not only comfortable to take for the
humans that are guided but also for the humans that might be encountered on
the way, and more direct interaction like reengaging someone if they suspend
the tour (Pandey and Alami, 2009).

A more complex task when it comes to joint motion is walking side-by-
side. This formation is mainly adopted to allow both the robot and the human
to see each other and, therefore, favours communication. Morales et al (2014);
Morales Saiki et al (2012) present an approach for side-by-side motion that is
based on the observation of people and created a model of an autonomous robot
which emulates this behaviour. As they phrase it, this increases the shared utility.
A recent approach by Ferrer et al (2017) looks at how to accomplish walking
side-bye-side in crowded urban environments. This is particularly difficult as
it imposes spatial constraints which might result in the side-by-side movement
not being possible. According to Costa (2010), this is when humans assume
different types of formations depending on the space and the number of people
in the group. While there are differences between male and female groups typical
formations of 2 to 3 people are walking abreast so side-by-side, or in a V shape
with the walking direction being from bottom to top. These kind of formations
can be achieved by using so called social forces that pull the robot towards a
shared goal and the people in its group while repelling it from obstacles and
other people. An example of using atractor forces to the centre of the group the
robot is with was provided by Moussäıd et al (2010), or similarly a force that
attracts the robot to the other people in its group by Xu and Duh (2010).

3.3 Adaptive robot navigation summary

In summary, the distance between robot and human is of paramount importance
for communication between the two. Distance is also one of the easiest variables
to change using a mobile robot. The difficulty is given by the task of finding the
“correct” distance and the “correct” way of approaching someone. Meaning the
distance chosen has to be one at which the interaction partner feels comfortable
interacting with the robot and is able to perceive all its movements and hear
all its utterances. The approach has to come from a direction where the human
is not surprised and can gauge the intention of the robot. When more than
one person is to be approached, the correct formation has to be assumed or
maintained. In the case of both human and robot moving and not just aiming
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to avoid each other, joint path planning can be achieved in a way that optimises
the navigation task, improves the communication between the robot and the
human(s), or both. If the robot does not only act as a simple guide but should
also be available for communication while navigating, a side-by-side formation
is assumed to allow both the human and the robot to perceive each other.

To date, no holistic approach that would be able to solve all these tasks has
been developed. There are solutions for parts of these problems using different
techniques but their combination is non-trivial. Moreover, the problem hinted at
earlier of knowing when to interrupt someone by approaching them or passing
through the “we-space” (Krueger, 2011) of a group of people if no other path
can be found is a non-trivial and unsolved problem as well. There are certain
techniques, however, that can be employed to detect the opportune moments to
interrupt someone which will be detailed in the following section.

4 When to interrupt: “Understanding of Cognitive Load”

4.1 Interruption During HRI

Speier et al (1997) defined interruption as “externally generated, randomly oc-
curring, discrete event that breaks the continuity of cognitive focus on a primary
task”. Similarly, interruptibility is defined in terms of the responsiveness of the
individual; either a person or a robot at a certain point in time (Spivey, 2007).
Interruptibility is particularly crucial in relation to Human-Robot Communica-
tion as it is vital for a robot to understand when to interrupt a human or for
a robot to understand when it has been interrupted during a communication.
The process of interruptibility in the context of HRI requires an understand-
ing of social cues based on both verbal and non-verbal communication. Past
research on interruptibility in the field of HRI has considered both dimensions
of interruption. We find a number of methods to understand ways for the robot
to interrupt humans during a communication. Satake et al (2009) proposed a
model for a mobile robot to interrupt and approach a person at the shopping
mall. They used people’s positions and walking speed as an indicator to decide
on approaching an individual in a safe and polite manner. Other researchers
have used estimation of person’s engagement in different environment including
in shopping mall as helping/advertising assistants (Kato et al, 2015), in hotels
as receptionist (Bohus and Horvitz, 2009) and in bars as bartenders (Foster
et al, 2013) to enable the robot understand interruptibility in a safe and polite
manner. Most recently, Banerjee and Chernova (2017) presented an interrupt-
ibility scale or a framework for a robot to decide when to interrupt the user.
In essence, the scale had five levels ranging from highly interruptible suggesting
that the individual is not busy and is conscious of robot’s presence to interrupt-
ibility unknown suggesting that the individual is present but cannot recognize
if the person should be interrupted. To understand the availability of the per-
son, they used two sources of information -person state and interruption context.
Person’s state was calculated through understanding their head orientation, gaze
direction, audible signals and body postures where as context was understood
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through objects such as mobile phone, laptop in the scene. This aforementioned
information was used to classify the scales of interruptibility and later was used
by the robot to interrupt or don’t interrupt the person. Palinko et al (2018) also
presented an interruptibility estimator and applied it during the robot commu-
nication with multiple humans. They used signals based on head pose and eye
gaze on top of individual silence to recognize interruptibility and found in an
experimental study that the robot can barge-in in the conversation in a more
efficient manner while considering the non-verbal signals. However, they also
recognized that linguistic (verbal) modelling of the conversation may result in
an efficient model of interruptibility during a human-robot group conversation
setting.

We see a reasonable amount of work towards creating robots that can un-
derstand when to interrupt the human during HRI. On the contrary, there is
limited research on the methods that enables the human to interrupt the robot
using non-verbal communication. Prior literature has shown the use of tactile
sensors or limited gestures to interrupt the robot. For instance; Han et al (2012)
investigated the use of palm gesture as a sign of interruption to interrupt the
conversation with the robot. Other researchers have further used tactile sensor,
specifically in the case of the NAO robot (Csapo et al, 2012) but otherwise limited
research has been witnessed in the past. We understand that the use of gestures
is particularly relevant. However, it remains a challenge to interrupt a conver-
sational robot in social settings such as in the malls or hotels in a non-verbal
manner. The fields of Human-Computer interaction (Grandhi and Jones, 2010)
and Ubiquitous computing (Turner et al, 2015) have highlighted on computing
workload or cognitive load as an estimator of interruption. We recognize that
cognitive load could also be used as an indicator for the robot to stop or reduce
the communication. More specifically, the situation that requires the robot to
provide situational awareness in a sensitive environment. For instance, the robot
giving information on what is happening on an oil rig where different robots
are deployed to carry out various tasks (Lopes et al, 2019). We understand that
such as situation may enhance humans’ mental load. In such a scenario, human’s
cognitive or mental load can be used as an indicator for a conversational robot
to learn about reducing or adjusting the communication and this can result in
effective communication.

4.2 Cognitive load

Cognitive load points to the load placed on human’s working (short-term) mem-
ory during a task. It is defined as a construct that can be measured in three
dimensions: 1) mental load, 2) mental effort and 3) performance (Sweller et al,
1998). We also understand that the working memory differs among different indi-
viduals consequently it calls for estimating cognitive load in real-time (Baddeley,
1992). As highlighted, in a conversational robot scenario, one of the interruption
strategies can be based on cognitive load as a robot must adapt according to the
mental load of the user.
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Fig. 7: Concept Overview: For a system non-intrusive measurement for Mental
Load (Ahmad et al, 2019)

It remains a challenge to measure the individual’s mental load in a non-
intrusive and robust manner in real-time (Chen et al, 2012; Paas et al, 2003).
Prior work has measured mental load in three different ways: through subjective
evaluations such as NASA TLX (NASA Task Load Index2), through understand-
ing physiological behaviours, or through performance-based objective measures
(Mathematical Equations). However, subjective rating and performance-based
objective measures are not continuous and cannot be used in real-time. On the
contrary, physiological behaviours based on Pupil Diameter (PD), Blinking Rate
(BR), Heart Rate (HR), Heart Rate Variability (HRV), Electroencephalography
(EEG) and Galvanic Skin Response (GSR) are continuous and can be used to
estimate mental load in real-time (Paas et al, 2003). Empirical studies conducted
with all of these aforementioned behaviours have observed that changes in one’s
behaviour can be attributed to a higher level of cognitive load. For instance, a
low HRV and a higher HR is associated with a high cognitive load (Cranford
et al, 2014; Mukherjee et al, 2011). In addition, an increase in the amount of
PD, and decrease in the number of eye blinks reflects on a higher mental load
(Holland and Tarlow, 1972; Reilly et al, 2018; Sabyruly et al, 2015). We also
understand that data collected on physiological behaviours through the various
state of the art sensors is not only continuous but is also a robust and accu-
rate representation of the particular behaviour (HRV, 2018; Tommaso, 2018).
Recently, Ahmad et al (2019) have proposed to develop a system as shown in
Figure 7 to estimate users’ mental load in real-time. Their aim is to collect data

2 NASA Task Load Index - https://humansystems.arc.nasa.gov/groups/TLX/downloads/TLXScale.pdf



Adapting Movements and Behaviour to Favour Communication in HRI 15

on these behaviours including PD, BR, HR and HRV using various state of the
art sensors HRV (2018); Tommaso (2018) and later use this data to understand
correlations between them and finally use it in a linear mixed-effect regression
model to estimate of cognitive load in real-time.

In summary, we believe that cognitive or mental load could be utilised as
an indicator for interruption for conversational robots and that an empirical
evaluation is needed in the future.

5 Implicitly learning behaviours and movements
favouring communication

In the previous section we have shown examples of explicitly changing the be-
haviour and movement of a robotic agent to favour communication and when to
interrupt a person or persons while interacting. This section focuses on an exam-
ple scenario, i.e. single and dual arm manipulation of objects, where explicitly
changing the behaviour and movement of a robotic agent to favour commu-
nication arguably presents a greater challenge than in, e.g. mobile navigation
(see Sec. 3. In order to achieve the desired behaviours and movements, relying
on human expert knowledge when learning from demonstration Ravichandar
et al (2020) presents a way of implicitly generating movements and behaviours
that favour communication. This approach, therefore, relies on the humans’ sub-
consciously demonstrating movements which are goal directed, i.e. achieve the
manipulation task, but at the same time also follow social norms. Hence, when
using learning from demonstration, one can assume that the resulting behaviour
emulates human behaviour which naturally favours communication.

In order to achieve an autonomous manipulation, it is important to develop a
reasoning technique that is able to hierarchically learn a fluid object interaction
given the eminent dynamic nature of indoor environments. There are extensive
studies on manipulation (Gribovskaya and Billard, 2008; Guenter et al, 2007;
Zollner et al, 2004), grasping (Ala et al, 2015; Bonaiuto and Arbib, 2015; Dang
and Allen, 2010), and learning (Calinon et al, 2010; Pairet et al, 2019b; Steil
et al, 2004; Ye and Alterovitz, 2017). However, due to their complexity, little
attention has been paid to their interaction and joint integration in robotic sys-
tems so far. This complexity also makes this problem a prime candidate for
approaches relying on implicitly learning movements that favour communica-
tion. For these reasons, one of the most common techniques used for manipu-
lation tasks is learning from demonstration combined with hierarchical learning
techniques to endow a robot with self-learning capabilities and interaction un-
derstanding. The advantages of using learning from demonstration have been
shown in single-arm manipulator systems and, to a smaller extent, for dual-arm
manipulator set-ups. Specifically, a robot understanding human demonstrations
involving dual-arm manipulation will acquire the required knowledge to imitate
the task and behaviour and will improve its model through trial and error ex-
periments. Nonetheless, to learn human-like behaviour with a dual-arm system
does not suffice for robust manipulation, but the integration of the understand-
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ing of the objects and environment is also essential. Information such as the
affordance, grasping point, the object’s fragility, and its manoeuvrability can
be extracted with the help of vision, force, tactile, and pressure sensors. The
following presents these two learning problems in more detail.

5.1 Learning Manipulation Tasks

As mentioned above, a popular technique of learning different manipulation tasks
is learning from demonstration in combination with hierarchical learning (see
Fig. 8). As done in (Pairet et al, 2018, 2019a), a combination of absolute and
relative skills is carried out to achieve complex dual-arm tasks. An absolute skill
implies motions such as move or turn an object in a particular manner. Instead,
a relative skill describes the synchronisation requirements between manipula-
tors, such as opening a bottle’s screw cap, or holding a parcel employing force
contact. A primitive skill is represented by its coupling term (Hogan, 1985) and
a frame of reference. Learning coupling terms only requires a human demonstra-
tor teaching the characteristic skill. The different coupling terms might be better
formulated with different mathematical representations, e.g. a weighted combi-
nation of non-linear radial basis functions to encode the dynamics of a task,
an analytical obstacle avoidance expression, or among others, a force profile to
control the environmental interaction. Dynamic Movement Primitives (DMP)-
based formulation (Schaal, 2006) offers the needed modularity. This means that
instead of learning a task as a whole, the framework harvests a collection of
primitive skills. Creating a repertoire of skills referred to as a library, allowing
the demonstrator to teach in a one-at-a-time fashion, i.e. to focus on one feature
of the demonstration at a time (Bajcsy et al, 2018). This modular library can be
employed for movement recognition purposes, where a demonstrated skill can be
compared against the existing ones in the library. If the observed behaviour does
not match any existing primitive, it is identified as a new skill and can be added
to the frameworks library (Ijspeert et al, 2002). This feature allows incremental
learning by exploration or further human demonstrations.

5.2 Learning Object Grasp Affordances

Humans are very good at communicating to each other and coordinate on dif-
ferent tasks, being handovers a clear example. When it comes to grasping, most
of the state-of-the-art literature explores methodologies by focusing exclusively
on attributes of the target object and grasp stability metrics. However, as hu-
mans we also take the environment in which this task is executed into account
and are able to adapt in the presence of other agents. Therefore, in order to
achieve performance that emulates human behaviour, favours communication,
and is able to collaboratively achieve manipulation tasks the system should be
able to grasp the object considering the physical qualities of the world Ardón
et al (2018). These qualities cannot only be inferred from the object, but we
also have to consider the characteristics of the surroundings. In (Ardón et al,
2019a) this approach is used in a system where the grasping action affordance
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Fig. 8: The structure of a hierarchical machine learning framework

towards an object is the result of the association of different semantic features
that describe the object and the surrounding environment. Ardón et al (2019b)
propose a method that includes environmental context to reason about object
affordance to then deduce its grasping regions. This affordance is the result of a
ranked association of visual semantic attributes harvested in a knowledge base
graph representation. These attributes are the result of a collected data from hu-
man input, thus they represent social rules for grasping. These rules inherently
provide affordance features for collaborative manipulation that ease the commu-
nication for different tasks. The designed framework is assessed using standard
learning evaluation metrics and the zero-shot affordance prediction scenario. The
resulting grasping areas are compared with unseen labelled data to assess their
accuracy matching percentage. The outcome of this evaluation indicates the ap-
plicability of the proposed method for object interaction applications in indoor
environments. Other examples such as (Krüger et al, 2011; Sung et al, 2017;
Zhu et al, 2014) also focus on object affordances to improve the robot-object
interaction which shows the importance of this aspect of manipulation.

Past research has extensively investigated approaches to autonomous collab-
orative manipulation. Nonetheless, grasping is still an open challenge due to the
large variety of object shapes and robotic platforms as well as interaction vari-
ants among agents and humans that differ in the communication schemes. The
current state of the art methods is limited to specific robot manipulator, grasp-
ing scenarios, and objects. Further, the current approaches need a large amount
of data to train the learning model without being able to successfully generalise
among object instances. Due to all these complications, we argue that implicitly
learning movements that favour communication via learning from demonstration
is the only feasible method to date.



18 Lohan et al.

6 Discussion and Conclusion

In this chapter concepts have been presented introducing three different forms
of communication from human-human to human-robot interaction (see section
2). It delineates how the dynamical process of communication can be repre-
sented through building a subspace spanned between action and reaction (see
section 1). The influence of adaptation of movements and behaviours in naviga-
tion is introduced and the consequences of this adaptations are conceptualized
(see section 3). The time dimension is crucial in communication, consequently,
understanding a pattern on intercepting turns in communication are vital and
are described in the section on interruption. It is discussed that building a the-
ory of mind of the conversation partner might be the best way to identify a
possible interruption window (see section 4). The impact of implicitly learning
about ”social norms” in collaborative movements is presented in our section 5,
which leads to the question on the impact of bias on communication. Human-
Human communication is undoubtedly fluent and dynamic as well as influenced
by social norms. Past research has presented somewhat stable mechanisms and
concepts to favour communication, but there are still open questions of the in-
fluence of social norms. Positively, this has been identified in the community as
a way forward represented through the focus on gender-stereotypes and cross-
culture comparisons of communication. Furthermore, ethical concerns as to what
a robotic system should elicit, that it is capable of, is another positive trend in
the current research, e.g. the research on trust and explainabilty of AI.
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Hebesberger D, Dondrup C, Körtner T, Gisinger C, Pripfl J (2016) Lessons
learned from the deployment of a long-term autonomous robot as companion
in physical therapy for older adults with dementia - A Mixed Methods Study.
In: 11th ACM/IEEE International Conference on Human-Robot Interaction
(HRI)”

Hogan N (1985) Impedance control: An approach to manipulation: Part iiimple-
mentation. Journal of dynamic systems, measurement, and control 107(1):8–16

Holland MK, Tarlow G (1972) Blinking and mental load. Psychological Reports
31(1):119–127

HRV E (2018) How do you calculate the hrv score?
Webpage, URL {https://help.elitehrv.com/article/

54-how-do-you-calculate-the-hrv-score}



Adapting Movements and Behaviour to Favour Communication in HRI 23

Ijspeert AJ, Nakanishi J, Schaal S (2002) Movement imitation with nonlinear
dynamical systems in humanoid robots. In: Proceedings 2002 IEEE Interna-
tional Conference on Robotics and Automation (Cat. No. 02CH37292), IEEE,
vol 2, pp 1398–1403

Kato Y, Kanda T, Ishiguro H (2015) May i help you?: Design of human-like
polite approaching behavior. In: Proceedings of the Tenth Annual ACM/IEEE
International Conference on Human-Robot Interaction, ACM, pp 35–42

Kendon A (1976) The f-formation system: The spatial organization of social
encounters. Man-Environment Systems 6:291–296

Kennedy J, Baxter P, Belpaeme T (2017) Nonverbal immediacy as a characteri-
sation of social behaviour for human–robot interaction. International Journal
of Social Robotics 9(1):109–128

Kessler J, Schroeter C, Gross HM (2011) Approaching a person in a socially
acceptable manner using a fast marching planner. In: Intelligent Robotics and
Applications, Springer, pp 368–377

Kirby R, Simmons R, Forlizzi J (2009) COMPANION: A Constraint-Optimizing
Method for Person-Acceptable Navigation. RO-MAN 2009 - The 18th IEEE
International Symposium on Robot and Human Interactive Communication
pp 607–612, DOI 10.1109/ROMAN.2009.5326271

Knapp M, Hall J (1972) Nonverbal Communication in Human Interaction. Har-
court Brace College Publishers

Koay K, Syrdal D, Ashgari-Oskoei M, Walters M, Dautenhahn K (2014) Social
roles and baseline proxemic preferences for a domestic service robot. Interna-
tional Journal of Social Robotics 6(4):469–488

Koay KL, Sisbot EA, Syrdal DS, Walters ML, Dautenhahn K, Alami R (2007)
Exploratory study of a robot approaching a person in the context of handing
over an object. In: AAAI spring symposium: multidisciplinary collaboration
for socially assistive robotics, pp 18–24

Krueger J (2011) Extended cognition and the space of social interaction. Con-
sciousness and cognition 20(3):643–657
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Moussäıd M, Perozo N, Garnier S, Helbing D, Theraulaz G (2010) The walking
behaviour of pedestrian social groups and its impact on crowd dynamics. PloS
one 5(4):e10,047

Mukherjee S, Yadav R, Yung I, Zajdel DP, Oken BS (2011) Sensitivity to mental
effort and test–retest reliability of heart rate variability measures in healthy
seniors. Clinical Neurophysiology 122(10):2059–2066

Mumm J, Mutlu B (2011) Human-robot proxemics: physical and psychologi-
cal distancing in human-robot interaction. In: International Conference on
Human-Robot Interaction, Lausanne, Switzerland

Niculescu A, van Dijk B, Nijholt A, Li H, See S (2013) Making social robots
more attractive: the effects of voice pitch, humor and empathy. International
Journal of Social Robotics 5(2):171–191

Nourbakhsh IR, Kunz C, Willeke T (2003) The mobot museum robot installa-
tions: A five year experiment. In: Intelligent Robots and Systems, 2003.(IROS
2003). Proceedings. 2003 IEEE/RSJ International Conference on, IEEE, vol 4,
pp 3636–3641

Orbuch T, Sprecher S (2006) Attraction and interpersonal relationships. In John
Delamater, editor, Handbook of Social Psychology, Handbooks of Sociology
and Social Research. Springer

Paas F, Tuovinen JE, Tabbers H, Van Gerven PW (2003) Cognitive load mea-
surement as a means to advance cognitive load theory. Educational psycholo-
gist 38(1):63–71

Pacchierotti E, Christensen HI, Jensfelt P (2005) Human-robot embodied inter-
action in hallway settings: a pilot user study. In: Robot and Human Interactive
Communication, 2005. ROMAN 2005. IEEE International Workshop on, pp
164–171, DOI 10.1109/ROMAN.2005.1513774

Pacchierotti E, Christensen HI, Jensfelt P (2006) Evaluation of passing dis-
tance for social robots. In: The 15th IEEE International Symposium on Robot
and Human Interactive Communication, RO-MAN 2006, pp 315–320, DOI
10.1109/ROMAN.2006.314436
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