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ABSTRACT
The triplet formed by studies of cognition, interaction, and robotics
offers a number of opportunities for symbiotic relationships and
mutual benefits. One such avenue is explored by the workshop’s
main theme in which cognition is seen as a bridge between interaction and robotics. Exploring ideas along that direction leads, as
also discussed here, amongst others to the question of how theoryof-mind mechanisms might facilitate interaction between humans
and robots.
A complementary view that we explore more fully here sees interaction as the bridge that connects robotics to relevant research on
cognition. We follow recent trends in social cognition that go beyond studying social interaction as the outcome of the individuals’
cognitive processes by seeing it as a constitutive and enabling element of social cognition. Here, we discuss this idea and show that
it leads, amongst others, to the question of how interaction can be a
constitutive element of a robot’s cognitive architecture. It also leads
to pointers towards research in the cognitive sciences that is beneficial to robotics but goes beyond cognitive architectures themselves.
We show that considering the degree to which the robot is perceived
by its end user as a tool and/or social partner points, for instance, to
distributed and/or social cognition approaches for methodologies
to evaluate human-robot interaction.

Categories and Subject Descriptors
I.2.9 [Computing Methodologies]: AI—Robotics
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1.

INTRODUCTION

Cognitive science and robotics research have long found common
ground, whether this is to demonstrate the principles behind theories of cognition using, for example, robots or to improve artificial agents based on insights gained about human cognitive abili-

ties. It is, however, noteworthy, that this common ground does not
necessarily consider the interaction between robots and humans –
most progress has indeed only necessitated one direction: human
cognition inspiring robot cognitive architectures [45] or, alternatively, robotic models illustrating insights that could be relevant to
the study of cognition [48].
Simultaneously, robots and other types of artificial agents are increasingly playing important roles in our society. Examples include
research on robots for use in medical or therapeutic contexts [32,
43, 30, 3, 40], game-playing robots [1], but also the increasingly intelligent, adaptive and decision-making cars in use today [17, 39].
As such agents become more ubiquitous, there is thus a need to extend the common ground covered by robotics and the cognitive sciences into territories that concern such interactions. The 2015 HRI
conference workshop tackling these issues head-on is titled “Cognition: a bridge between robotics and interaction”. This cognitioncentric view places an emphasis on cognitive mechanisms such as
Theory of Mind (ToM): one agent’s ability to create an internal
model of another agent and use that to predict that agent’s behaviour also improves the ability to interact with that agent [12].
Understanding these mechanisms – including, for instance, what
social signals human pick up on, or how robot analogues of human
ToM mechanisms might be constructed – leads to better interaction
between humans and robots: it becomes the bridge between robots
as such and interaction.
Here, as the paper title suggests, we explore the consequences of
viewing this characterisation from a different angle in which interaction is the bridge between cognition and robotics. We do this
to highlight aspects of cognitive science that are highly relevant to
(social or sociable) robots that interact with humans and that complement the necessary focus on cognitive architectures. The purpose is therefore not to disagree with the view of cognition as a
bridge between robotics and interaction, but rather to extend it with
the complementary insights that interaction as a bridge between
cognition and robotics leads to.

2.

COGNITIVE SCIENCE AND ROBOTICS

The idea that robotics research might help to further research in the
cognitive sciences (and vice versa) has been around for a while, fuelled in particular by the developing prominence of embodied theories of cognition [44, 6, 49, 52] on one side and increasingly wellengineered and cheap(er) robots on the other. In this section, we
briefly discuss three traditional approaches to research that explore
this symbiotic potential. This will serve as a background against

which to discuss the added contributions of a focus on the interactive aspects.

2.1

Proof of concept

The first approach demonstrates principles of cognitive science (usually embodied or situated flavours thereof) using robots (see [48]
for a brief review of relevant work). The general theme is that
robots, through their design, display specific behaviours that are
not themselves explicitly represented within the system, thus illustrating that “embodiment and embedding can therefore replace internal algorithms and lead to stable, functional behaviour” ([48],
p. 4, emphasis in original). A similar example is that of morphological computation [28, 27]; the idea that computations can
be offloaded into a suitably designed morphology. Well-designed
legs on a quadruped robot can for example lead to an appropriate
quadruped walking gait without the need for complicated control
mechanisms [28].
As such, the purpose of these models is first and foremost to illustrate by example concepts that would otherwise be difficult to verify
in a living organism. There is a benefit to robotics because these
illustrations tend to be viable implementations of behaviours that
might be useful for robotic applications too – such as pointers on
how to simplify locomotory control as in the example above. The
relevance to the study of cognition, on the other hand, is weaker:
it is possible that predictions generated by such a mechanism turn
out to match the biological counterpart (as in the case of Webb’s
cricket robots [47], see the discussion in [48]) but this is not a requirement since the original purpose is typically the demonstration
of the concept (as in the case of robots that show tidying behaviour
even though their underlying controllers do not explicitly implement any such behaviour [21], again discussed in [48]).

2.2

Embodying models of human cognition

The second approach attempts to more directly study human cognition using artificial agents. The motivation follows more or less
as a consequence of accepting embodied or grounded theories of
cognition according to which the body plays a fundamental, nonabstractable role in cognition. The Chinese Room argument [34],
or the symbol grounding problem [16] are frequently cited in this
context and the conclusion drawn tends to be that a cognitive model
must be instantiated in a physical agent (how else could the role of
the body otherwise be represented?). It is, however, worth noting that the mere provision of a robot instantiation does not by itself overcome the problems described, for instance, by the Chinese
room argument: indeed, the “robot reply”, in which a robot body is
used to provide a sensorimotor apparatus in which to “embody” the
computational model has already been considered and rejected by
Searle in his original paper [34] (for a fuller discussion, see [55]).
Another challenge that these robot-reliant ways of studying human
cognition face is simply that a robot body is not like a human body,
even if it is described as “humanoid” [54]. Embodied accounts (irrespective of the particular theoretic flavour) ascribe a role to the
body (and/or environment) that is fundamental in shaping cognition and cannot be abstracted away; yet robotic implementations
often begin with a sensory apparatus that is radically different from
the human senses and by necessity includes several simplifications
and abstractions. Vision, for example, is often simplified, for instance by using brightly coloured and easily discriminable objects
[22]. Although an advantage of robotic models is that they force
integration from sensory perception to motor action [23, 26], this
integration is not as forceful as it seems.

It is of course true of all models that they must contain abstractions
and simplifications (otherwise they would not be a model). It has
famously been said that “all models are wrong; the practical question is how wrong do they have to be to not be useful” [4]. When
the model is not just of the cognitive process (because it is, in this
view, meaningless to talk of “just” the cognitive process), but also
of the body, and therefore all sensorimotor aspects, as well as the
environment (whether this is because the agent is simulated or put
into a purpose-engineered artificial situation), one has to exercise
extra care when discussing the relevance of insights from such embodied models to human cognition [41].
However, this is not to say that such models have no utility beyond
illustration of concepts (in which case, we should group them under
the proof-of-concept approach discussed previously). For instance,
any cognitive process that requires interaction with the environment
needs to be modelled in a manner in which such interactions are
possible. Even strongly abstracted sensorimotor mechanisms can
provide insights into minimal requirements for the cognitive process of interest [26].

2.3

Cognitive science for the benefit of robots

The previous two approaches were examples of research whose aim
is first and foremost a contribution to the study of cognitive mechanisms. By virtue of necessitating a robotic implementation, there
is also a benefit to the field of robotics since, as previously argued,
the algorithms and controllers that are developed may find new approaches or solutions to problems and challenges in robotics.
At the same time, there is an approach to research at the intersection between the study of cognition and robotics that aims first and
foremost to benefit robotics research: knowledge and results from
the cognitive sciences can be used to create “better” (defined, for
instance, as an increased ability to cope with uncertainty or unpredicted events) robots. ToM mechanisms are an important example
of cognitive mechanisms that have been used to this effect (see [12]
for a discussion of the two main flavours of ToM – theory theory
and simulation theory – in the context of social robots). Indeed, to
interact proficiently with humans, such robots may simply require
at least a rudimentary ToM; an internal model that can be used to
estimate mental states of humans, in particular their intentions, expectations and predicted reactions to actions by the agent [31, 40,
41]. A second example is given in [18] (as cited in [50]) - here the
insight that anticipation and perceptual simulation are important,
for humans, in the perception of conspecifics and joint action are
used to design a robot that can interact fluently with human partners. Finally, see [11] for an early review of a large number of socially interactive robots and the design principles and inspirations
behind them.

3.

INTERACTION AT THE CENTRE

The previous section has illustrated a number of active research areas that explore the symbiotic relationship between research in the
cognitive sciences and robotics[45, 33]. It is readily apparent that
interaction does not necessarily need to be considered in these areas – it is naturally not excluded: the ToM mechanisms discussed
in section 2.3 are a prime example of a benefit that the study of
cognition brings to robotics whereas research on human interpretation of robot movements leads to what aspects of robot motion
may involve mechanisms thought to underlie, for instance, social
interaction [13].

3.1

Interaction as a constitutive component of
cognition

When interaction is considered in robotics research, however, it is
often understood as two agents1 , one human, one artificial, each
with their own cognitive apparatus, using that apparatus to engage
in interaction with the other agent. This both reflects traditional
views in social cognition (which are mainly interested in the individual’s internal mechanisms underlying interaction) and features
the same pitfall: not explicitly recognising that the interaction itself
is fundamental, and part of the overall cognitive process as opposed
to merely the result thereof [10]. In other words, the interactive
setting does not merely play a contextual role for an individual’s
cognitive mechanisms but also takes on enabling and constitutive
roles [10]. Just as a cognitive architecture in which the body does
not play a fundamental, irremovable and irreplaceable part of the
cognitive process is not an embodied architecture [55, 56], a cognitive architecture in which interaction is merely a contextual aspect
lacks something.
This is the first core insight we gain from a focus on interaction: as
the field of social cognition is moving away from an individualistic view of interaction, robotic cognitive architectures need to consider the implications of an enabling, constitutive role of interaction
with other agents in their overall functionality (see also e.g [9] for
a similar argument). For example, robots are often built for specific purposes – their desired behaviour is therefore given by that
application. Yet, to deal with uncertainty and unforeseen events,
it is not desirable to specify all behaviours axiomatically at design
time – rather, the ability for appropriate behaviour to emerge from
the robot’s experience is needed. In this context, it can be shown
that casting the objective function modulating such emergence in
terms of interaction may lead to desirable, yet not unnecessarily
constrained behaviour [41].

3.2

Evaluating human-robot interaction (HRI)

Robots (and other artificial agents), as discussed before, can in almost all cases be expected to interact with humans to some degree.
There is therefore also a need to evaluate these robots in terms of
their interaction with humans. There are no “simple” metrics to
this end since successful performance, by definition, depends on
the human/artificial agent system as a whole.
In other words, one cannot consider the robot’s performance in isolation; its success is a function of how well the agent/human system functions (see [2, 10, 41] for related arguments). In some applications, for instance robot-enhanced therapy (RET) for children
with autism spectrum disorder (ASD) [32, 40], the ideal measure
(e.g. long-lasting benefits) is also simply unavailable since it can
only be meaningfully be sampled after years if not decades after
the artificial agent is deployed. Other scenarios might be entirely
open-ended and without any direct task to be achieved, yet the need
to evaluate the robot remains. Further, although it is possible to
achieve some form of evaluation by asking persons who interacted
with artificial agents to fill out questionnaires and similar (see also
[39] for an example in which just that has been done), such options
are typically not available if the persons interacting with the artificial agent are in fact children [2]. More generally speaking, these
methods usually require the subjects to have a substantial degree of
insight into their own cognitive processes.
1 The present argument easily extends to multi-agent systems, but
two are sufficient for illustrative purposes

How to characterise and evaluate interaction has long been a topic
in HRI (see for instance the extensive survey and introduction to the
topics in [14]). An immediate realisation in such efforts is that there
is no “one size fits all” solution; robots can interact with humans
in a number of ways that then define and shape what one expects
from such interaction. This then leads to a number of proposals for
dimensions along which to rate the precise nature of the interaction at hand. The ubiquitous example is that of autonomy: in 1978,
Sheridan and Verplank proposed a 10-step scale describing degrees
of automation, ranging from machines that are entirely remotecontrolled to machines that ignore human beings altogether [36].
Since then, there have been numerous discussions of the scale in
particular and the concept of autonomy in HRI in general (e.g. [14,
51, 38, 42]). It is for instance repeatedly argued that “human-robot
interaction cannot be studied without consideration of a robot’s degree of autonomy” [42] (p. 14).
It is therefore worth emphasising that autonomy is a particularly
difficult term that can mean very different things to different people
[45, 53]. In HRI, for instance, the take on autonomy is often taskoriented – referring, for example (as in Sheridan and Verplank’s
scale), to the degree to which the human has to assist the machine
in accomplishing a given task [51], thus measuring the degree of
automation. Cognitive scientists, on the other hand, might consider
autonomy more in terms of self-sufficiency, or behaviour that is not
determined entirely by external events but shaped by internal goals
of an agent [35].
This highlights an important point pertinent to the possible benefits
between the study of cognition and robotics: it needs to be kept
in mind that autonomy is an overloaded term (as are others) when
researchers from different disciplines meet. In [45], for instance,
no less than 19 different takes on autonomy are discussed, a list
that is by no means complete. Although we cannot possibly do the
concept justice here (and instead point to [45], Ch. 4), the relevant
insight is that, when the study of cognition and robotics meet, it is
critical to be clear about the terms one uses; a symbiotic relationship depends on a common understanding of such concepts.
When autonomy refers to the degree of automation, it is a dimension in which social interactions occupy the middle of the range
(since there is no meaningful interaction in the fully automated case
and merely tele-operating a robot does not constitute social interaction with another cognitive agent). Likewise, other metrics that
fundamentally seek to evaluate HRI performance in terms of task
performance (e.g. robot efficiency and effectiveness in the task and
human situation awareness [38]) do not assess the social interaction
itself. Metrics that do would need to measure, it has been suggested
[38], interaction characteristics, persuasiveness, trust, engagement
and compliance, but the exact methodologies for that remain unclear.

3.3

Interaction-focussed HRI evaluation

It has been suggested [42] that we may not actually want to interact
with robots in precisely the same way as we interact with other humans. Whether or not one reserves the term “social interaction” for
human-human interaction or opens it up to human-robot interaction
is a different debate and does not per se invalidate the idea of evaluating HRI as a type of interaction that can be usefully characterised
by metrics similar to those used for human-human interaction.
It does, however, lead to the interesting question of how robots (and
other artificial agents) are perceived – it is for instance known that,

for some robots and actions at least, the human mirror system is
activated when observing robot actions [13] that can then be interpreted as being goal-directed [33], which does point towards the
likelihood that interacting with humans and robots – when they are
perceived as having some agency at least – may not be entirely different.
The interesting question therefore is to what degree robots are actually perceived as agents by the people they interact with. With
that characterisation, we can then return to the central theme of the
paper and discuss methodologies in the cognitive sciences that may
be useful for characterising human-robot interaction based on how
the robot is perceived.
In the context of increasingly automated vehicles, it has been suggested that a useful way to characterise human-vehicle interaction
is by establishing the degree to which the vehicle is perceived as
a tool, used in navigation tasks, as opposed to an intelligent agent,
with whom the driver collaborates in solving the task [39]. Here,
we explore a similar characterisation for robots and artificial agents
in general. In particular, we illustrate in the next two subsections
that they can be understood by their end users as, to varying degrees, both tools and social partners.
Such characterisations have been used in the past: the “robot role”
(ranging from tool/machine to companion/partner) is, for example,
one of the suggested dimensions for determining the requirements
on a robot’s social skills [8]. Here, however, we use this dimension
to identify theories of cognitive science useful in evaluating humanrobot interaction. It is difficult to find such theories in the traditional overlap between cognitive science and robotics discussed in
section 2: the first two approaches, proof-of-concept and embodying models, mainly use artificial agents for theoretical insights that
could include interaction between agents (see e.g. robot language
games [37]), but do not have to. When cognitive models are primarily used as an inspiration for better robots, validation is given
by an adequate implementation of the targeted cognitive ability.

3.3.1

Artificial agents are tools

Artificial agents are usually created for a purpose - this can be academic (e.g. as demonstrators of cognitive theories or as tools for
studying cognition as discussed above) or with a practical application in mind (e.g. for use in elderly care, therapy, navigation of
dangerous or inhospitable terrain and so on). They exist, therefore,
to assist humans in achieving certain goals (even if they are designed as autonomous agents). Artefacts used by people in addition
to their own body to achieve a certain purpose are, by definition,
tools.

3.3.2

Artificial agents are social partners

Although artificial agents are, as argued above, always created for
a purpose, significant research efforts [45] are dedicated to creating
agents with interesting cognitive abilities (whether it is to showcase models of these abilities or more directly to allow the agents
to tackle more complicated and less trivial tasks). It is therefore
clear that artificial agents can be seen as more than tools: indeed,
they can be social partners with whom we interact, collaborating
in solving the task for which they were created.
This highlights (again) that the artificial agent should not be seen
by itself but rather as interacting with humans. [2] for instance argues that technical challenges in cHRI (HRI in which the humans
are specifically children) may be overcome if we see the cognition

Figure 1: Diagram positioning artificial agents in function of
how their interactiveness and purpose specificity are perceived
by the end users. Boxes inside the diagram indicate the cognitive science research strands one should primarily consider
when evaluating artificial agents in that area of the spectrum.
of a human/artificial agent ensemble as the product of their interaction. A critical point these authors make is that one agent (e.g. the
human) can cover for potential failings of the other (e.g. the robot),
which in itself illustrates that one cannot evaluate the robot by itself
(see the credit assignment problem).
Viewing artificial agents as social partners also has consequences
for how one expects humans to interact with them. For instance, humans tend to modulate their behaviour based on their beliefs about,
amongst others, the cognitive abilities of the agent they interact
with [5]. This has been shown to extend to robots [46, 20]. Furthermore, our recent research indicates that this extends even to
cars [39].

3.3.3

Artificial agents are tools and social partners

It is worth emphasising that the two views of artificial agents, as
sketched out above, are not mutually exclusive. In other words,
they do not form two ends on a scale as in previous examples of
similar scales [9]. Rather, artificial agents can be, to varying degrees, both:
• If a robot is built for very specific purposes, it is a tool created
to achieve that purpose. But not all robots are created for
such specific purposes: another scale used by Dautenhahn
[8] considers “robot functionalities” which can range from
clearly defined to open and adaptive. In a similar vein, we use
purpose specificity as a dimension along which to measure
whether or not an artificial agent may be perceived as a tool.
• Similarly, the degree to which a robot can be considered a
social partner depends on the degree to which it is seen as
interacting with its end user (by the end user). Again, in

Dautenhahn’s set of scales used to determine social requirements, the analogue is the “contact with humans” dimension.
Here, we refer to this dimension as interactiveness of a robot
to more explicitly capture the fact the contact involves interaction.
These two dimensions - purpose specificity and interactiveness create a 2D map of artificial agents (as sketched in Fig. 1). We resist
the temptation to populate the sketch with placements of example
robots and other artificial agents. To give but two examples:
• It can be argued that cars would typically score high on purpose specificity (they are built purposefully for navigating
from A to B) and low on interactiveness (since – until recently – they do not interact with the drive beyond providing
information about their internal state). There are, however,
significant technological developments [17, 39] that will increase the interactiveness of cars. In the near future, cars
might thus move further to the right in Fig. 1.
• Therapeutic robots, for instance as used for ASD therapy
[32] are naturally highly interactive but their purpose is more
open-ended, [8], reducing their purpose specificity (especially
as perceived by the child). One could conceivably expect to
place them around the middle of the right side of the graph.

3.3.4

Cognitive theories for HRI

With this in mind, we can now consider cognitive theories that
have traditionally dealt with human interaction with tools and social partners. First, robots that score highly on the purpose specificity scale more or less directly speak to extended and distributed
views of cognition [19, 7].
From the extended mind view [7], we can take the position that the
artificial agent becomes just such an extension of the mind. The
cognitive process according to which the human uses the artificial
agent to achieve a certain purpose cannot be defined within the human alone; the artefact at a minimum becomes a resource (of what
type depends on the agent).
From distributed cognition [19], we similarly get the perspective
that cognition should be understood in terms of the interaction with
the material and social world. The paradigm additionally comes
with a large set of tools for analysing such interactions, most dominantly ethnography (see [24] for an extensive review of these aspects of distributed cognition, including criticisms and rebuttals).
Distributed cognition has also already found applications in HCI,
for instance as a method “with which to understand the underlying
mechanisms of the relationships between humans and computer”
[24] (p. 63). For instance, a distributed cognition-inspired methodology for studying the interaction between humans and machines
in a maritime control room has been developed [25]. While it may
of course be too bold to refer to such a control room as an artificial
agent, the example illustrates that it is possible to take the basic
ideas from distributed cognition into a more formalised approach
to studying the interaction between man and machine.
When robots score high on the interactiveness scale, meanwhile,
it is possible (and necessary) to go beyond distributed cognition
and explicitly treat the interaction as social. Consequently, this
points to insights from social cognition. Here, social interaction
can, for instance, be defined as “two or more autonomous agents

co-regulating their coupling with the effect that their autonomy is
not destroyed and their relational dynamics acquire an autonomy
of their own” [10] (p. 441, emphasis added). A highly interactive
robot would necessarily possess some autonomy in the same sense
(and notably not necessarily the sense usually given to autonomy
in HRI, see the previous discussion in section 3.2); it is therefore
clear that any take on this agent that ignores the interactive aspect
will fail to adequately take into account this coupling.
A comprehensive review of methods that are useful in studying
social interaction can also be found in [10]. These include conversation and gesture analysis, with the particular insight that Motion Energy Analysis [15] could predict subjective assessments of
a therapy session’s quality based on bodily coordination between
patient and therapist [29] (as cited in [10]). Work such as this provides a clear entry point by which one could possibly evaluate therapeutic robots, addressing for instance the concerns of [2] that one
cannot easily make children fill out a questionnaire. Even though
putting the focus of social cognition on embodied social interaction is, as noted at the beginning, a relatively recent trend [10], it is
clear that the field is developing a range of techniques that are useful for evaluating the quality of this interaction. These techniques
may well find further applications in the study of the interaction
between humans and robots.

4.

CONCLUSIONS

We have highlighted the importance of interaction in the hcognition,
robotics, interactioni triplet. This perspective has enabled us to illustrate that interaction is not just contextual, but rather an enabling
and constitutive component of social cognition [10]. Although cognition can, as also illustrated here, rightfully be seen as a bridge between robotics and interaction, the latter also functions as a bridge
between robotics and cognition; in particular enabling robotics research to develop cognitive architectures in which the interaction
likewise plays a constitutive, enabling component (as opposed to
being the outcome).
The perspective has also enabled us to consider the roles that robots
play when interacting with humans. We have argued that the degree to which the robot is perceived as fulfilling a specific purpose
as well as the degree to which it is perceived as interacting with humans – in both cases as seen from the end user – are useful dimensions to consider in this respect. In particular, the relative degree to
which robots score on these dimensions form a guide to theories in
cognitive science that can be useful to understand and evaluate the
interaction between the human and the robot.
Given that robots and other artificial agents (we have mentioned
cars in particular) are increasingly entering into our daily lives,
such evaluations become increasingly important. It of course remains to be seen to what extent exactly one can translate the methodologies, explanatory tools and techniques from distributed and social cognition onto the study of artificial agents. Here, our purpose
has been to highlight that the relevance of cognitive research for
robotics goes beyond inspiration for better cognitive architectures
as such to include the study of how the human-robot system as a
whole functions. Such a perspective has relevance in many application areas. In robots used for therapy, for instance RET aimed
at children with ASD, the child-robot system is more than just the
sum of a child and a robot - a relationship between the two exists
that cannot be abstracted away [9] and that has implications both
for the design of the cognitive architecture of the robot [41] and, as
argued here, for the evaluation of the robot.
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