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Abstract— A critical issue during human-agent and humanrobot interaction is eliciting an intentional stance in the
human interactor, whereas the human perceives the agent as
a fully ”intelligent” being with full agency towards their own
intentions and desires. Eliciting such a stance, however, has
proven elusive, despite work in cognitive science, robotics,
and human-computer interaction over the past half-century.
Here, we argue for a paradigm shift in our approach to this
problem, based on a synthesis of recent evidence from social
robotics and digital avatars. In short, in order to trigger an
intentional stance in humans, perhaps our artificial agents
need to adopt one about themselves.

I. INTRODUCTION
Long since Dennett’s seminal work on the stances people
take on when interacting with other people as well as
technology [1], researchers have been interested in developing interactive computing systems that can elicit the same
”intentional stance” that occurs when humans interact with
other intelligent beings. This intentional stance is where the
human perceives the agent as a fully ”intelligent” being
with full agency towards their own intentions and desires,
in contrast to the ”physical stance” we assign inanimate
objects or the ”design stance” we assign machines (i.e.
mechanistic reasoning about how they function). Criticisms
of Dennett’s work aside, one thing that is clear is that there is
an argument to be made that our current generation of robots
and intelligent agents fail in that aim, even if they appear to
”think” in terms of clever pre-scripted programming [2] .
Indeed, appearances can be deceiving, but at the same time
they aren’t fooling anyone.
One clear example of this is work in recent years on
human-like androids [3], [4], [5]. Despite many advances in
creating more life-like aesthetic features, such as silicon skin
and pneumatic motors, when it comes to actual performance
evaluation on tasks such as producing recognizable facial
expressions or believable social interactions, androids do
not outperform robots with much simpler designs [6]. More
intermediate designs, like Pepper or iCub, also fail upon such
comparisons [7]. There is a lack of true social cognition that
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manifests during the interaction in contrast to human-human
interaction [8]. This issue extends across the spectrum of
intelligent user interfaces, both physical and virtual, which
limits our ability to create more truly interactive technology
[9]. The fundamental question is why: if social cognition
does not reside in the realm of appearance, then what property serves as the catalyst for recognition of what constitutes
a ”social interaction” between two intentional agents.
Beyond that basic scientific question, there is an argument
to be made, perhaps controversially, that the focus on
artificial agents that merely appear to imitate humans
is actually damaging our progress in robotics and AI
[10]. More aesthetically-pleasing robot designs, while perhaps appealing to the science-fiction fans among us, often
suffer from the infamous ”uncanny valley” effect, in that
the disconnect between their more human-like appearance
and their lack of human-like behavior triggers a sense of
disgust or uncomfortable-ness in their human interactors
[11]. This highlights the sharp divide between engineering
design and engineering functionality when it comes to agents
in social contexts. The two are entirely different endeavors,
even if some synergy may potentially exist between them.
Depending on what we are trying to accomplish, focusing
on trying to create robots that look more human, rather than
behave more human regardless of appearance, may be the
wrong path. Indeed, a number of researchers have begun
warning of an impending ”social robotics winter” similar
to AI winters of the past, due to the growing disconnect
between the hype and appearance of social robots versus
their actual social capabilities [12], [13].
If our focus is on the latter in terms of imbuing robots
and agents with more realistic social behavior, then we
would argue that this cannot be addressed by creating more
human-looking artificial agents that rely on pre-scripted
programming or models of the external world. Instead, we
should endeavor to produce agents that can exhibit emergent
idiosyncratic behavior by learning how the world responds
to it, rather than focusing on how it should respond to
the world, where the ”world” is a projection of internal
perception and beliefs rather than something external to
perceived. In this paper, we discuss some recent research
(as well some ongoing yet-to-be-published work) from the
realms of social robotics and human-computer interaction
(HCI) that points in this direction for future years.

II. PRIOR RESEARCH ON ROBOTS AND SOCIAL
COGNITION
There are several lines of research on these topics, from
linguistics to HCI interfaces to robotics. One notable example
is work on developing interactive robotic faces [14]. These
range from complex human-like androids to simpler abstract
faces, and from physical robots to digital avatars operating
within virtual computer environments [15]. These robots and
digital avatars have been studied on a number of specific
tasks, such as emulating basic human facial expressions
[6], autism research [16] , and understanding cross-cultural
differences in social cognition based on gaze and joint
attention [17], [18]. However, adapting work on such specific
individual tasks to more expansive social interaction is a
difficult and unsolved problem.
The challenge lies in the fluidity of natural social interactions, as well as the ability of naturally intelligent organisms
to respond to novel stimuli and/or recover from failure during
the interaction [19]. Social fluidity plays a critical role in
creating a coherent construct during interaction, which forms
the basis of a “virtual experience” [20], [21]. Indeed, without
a consistent coherent construct, there is no virtual experience,
which is why there is sometimes a discrepancy in HRI/HCI
between carefully controlled lab studies and less controlled
in-the-wild studies [22]. In our own past experimental work,
we have investigated methods to produce such fluidity by
training neural networks, only to find the produced models
to be unstable, in the sense that when the human stimuli was
altered, it resulted in the models learning and unlearning
things in a frenetic manner [23], [24]. Indeed, the only
solution appeared to be train multiple separate networks for
each separate stimuli pattern ... certainly a doable solution
but not a very scalable one. This suggests that the problem
of social cognition is not simply a perceptual problem.
Interestingly, recent research on fMRI neural activity during social interaction between human-human versus humanagent (conversational digital avatar) found significant differences in several parts of the brain, including areas that
are hypothesized to associate with the difference between
a more social intentional stance versus a more mechanistic
design stance (see Section 1) [8]. There appear to be potential
neural pathways that respond specifically to social stimuli
and reward mechanisms, to the point of involving pleasuregiving oxytocin release. Other research has found similar
patterns when imbuing inanimate objects such as wheeled
chairs with seemingly goal-directed behaviors [25]. The point
is that altering people’s beliefs over potential rewards via
interacting with some social stimuli, rather than altering their
actual perceptions, makes the difference. The appearance is
not what matters [2].
A separate line of research coming to similar conclusions
is that socially-assistive robots (SARs). Much work in the
past few years has focused heavily on using robotic pets
with elderly people with chronic health conditions [26], [27].
Several participatory design studies have suggested that the
robots as artificial agents need to be designed not only from

a physical standpoint, but also as artifacts geared towards
specific situated contexts and uses [28], [29], in order to elicit
a more social stance amongst the users. Other research in
this vein focuses on using ecological momentary assessment
(EMA) to reveal how people interact with such technology in
the real world in real-time, to gain a better understanding of
the behaviors elicited in humans [30], [31]. The long-term
goal here is to implement machine learning models based
on robotic sensor data to customize the robot-behavior in
real time, without human designers needing to ”re-program”
anything. Similar to the research mentioned earlier in the
section, it is an open question as to how the robot’s behavior
should change in order to elicit a belief in humans towards
potential rewards via social interaction with the robotic pet.
Furthermore, additional challenges remain with determining
the optimal sensor suite needed aboard the robot (or an
attached add-on sensor device) [26], in order to orient robotic
behaviors towards people’s ongoing cognitive state.
Technical challenges aside, the use of EMA as a novel
form of psychological assessment during real-time social
interaction opens up intriguing possibilities for attempting
to uncover the how agent behavior influences social cognition during human-agent interaction, particularly in more
naturalistic settings [32]. This is particularly true if the
EMA is combined with other devices, such as a wearables
and smartphones [33]. One could think of this as another
angle to exploring the concept of “social presence” [34], as
well as belief-desire-intent (BDI) models to create artificial
“personalities” for autonomous agents [35]. EMA, however,
focuses more specifically on understanding situated patterns
of use, with the notion that attributions of agency and
intentionally are dependent as much on the environmental
“context” as on the agent itself.
In terms of HRI, this brings us back to question of creating
autonomous agents that can elicit an intentional stance in the
human interactor, particularly how we can engage ”lower
level mechanisms of social cognition” to cause an adoption
of such a stance [36]. As mentioned in the first section,
this presumably will require a divergence from simple prescripted programmatic behaviors, but on the other hand
something more constrained than simply adding randomness.
In the fields of autonomous agents and robotics, this is not
necessarily a new idea, but not a solved one either [37], [38].
We need emergent yet adaptive interactive behavior where
goals themselves can manifest from the social ”milieu”
within which the agent inhabits [39], [40]. One potential
approach is to alter our learning paradigm from external
world-based to that based on the agent’s ”internal world”.
The environment in this case becomes simply a medium
upon which the agent projects its internal state, rather than
a problem to be solved. In short, in order to trigger
an intentional stance in humans, perhaps our artificial
agents need to ”selfishly” adopt one about themselves. We
discuss some possibilities how this type of approach might
be realized in the next section.

III. DESIGNING AGENTS THAT ADOPT AN
INTENTIONAL STANCE
A. Overview
Our main premise here is that an intentional stance will
never be adopted by human interactors unless the artificial
agent is oriented towards its own ”internal world” versus
trying to create models of the external world, regardless how
it may appear from an aesthetic standpoint. From the agent’s
perspective, all that really matters is how the world responds
to it, not how the world works or other abstract principles.
To do the latter would be to have our artificial agents adopt a
design stance of mechanistic reasoning, whereas the former
permits the artificial agent to shift toward adoption of an
intentional stance. And as we suggested in the prior section,
in order for our agent to trigger an intentional stance in
humans, it needs to adopt one about itself.
We can take as a starting point Searle’s Chinese Room
Experiment, where he famously argued that mechanistic
reasoning performed by a computer is not akin to ”thinking”
[41], along with the wide array of responses to it [42]. Our
purpose here is not to rehash that debate, but suggest that
we can actually follow this line of thinking to its extreme.
Perhaps we all do just really live inside our heads, connected
to the outside world through ”sensors”. Maybe the only
world we can truly know, hearkening back to Descartes, is
the one we create for ourselves, a ”brain in a vat” so to
speak. The ”world” in that sense is a re-creation of reality
within our minds based on sensory information. Evidence
for this is abundant, going back to the work of Helmholtz
and others on optical illusions and unconscious inferences
[43]. For instance, the light from straight lines is actually
initially received by our eyes as curved lines when they are
above or below our gaze horizon due to the curvature of
our eyes, but our brains know to reconstruct the line as a
straight line, because we’ve learned from interacting with
objects over time how they respond to our actions. We can
see further evidence of this in pathological social disorders
of the human brain, such as borderline personality disorder
(BPD), where distortions in the ability to project one’s
internal state onto the external world arise from a disruption
to the normal temporal process of memory formation, via
the amygdala. This generates a disconnect between external
sensory information and internal perceptual states, so that
the disordered person inappropriately perceives and reacts
(or overreacts) to environmental stimuli [44], [45]. The end
result can lead to severe social deficits and dysfunction,
which suggests such internal projection is part of normal
human cognitive functioning.
In the rest of this section, we propose several experimental
approaches to address these challenges.
B. Simulating Emergent Robotic Personalities
One potential approach to addressing this challenge is
creating artificial agents that exhibit emergent personality
traits using simple models, which could then be used as
“building blocks” to experiment with evoking intentionality.

At a high level, this could entail creating an agent that
perceives its environment through sensory readings, makes
a prediction of how its various potential actions might alter
its environment, and how those possible future environments
might impact its own internal affective state. The agent has
no internal model of the external world, only a model of how
its own behaviors are associated with its future affective state
[46]. The environment in this sense is simply a medium upon
which the agent projects its internal state. Learning occurs
as the agent observes if the environment responds to it as
expected or not.
Current research is making efforts to understand how
this might work using simple interactive paradigms during
human-robot interaction experiments with robotic faces [23],
[24]. We start by using some visual stimuli (e.g. a baby
toy moved around in front of the robot) that reacts to the
robotic agent in various ways, and then attempt to have
the agent learn those reaction patterns (an example of the
robot’s visual field can be seen in Figure 1). The key then
is to alter how the stimuli react for different agents (e.g. in
terms of congruence, tempo, social pauses, etc.), to produce
a variable social environment, to see if we can generate
idiosyncratic behavior in different agents from the exact
same underlying programming code. There is no actual
learning of the ”world” occurring however. The robot has
only one singular concern here: how does the world respond
to ”me”. From an empirical standpoint, the question is
whether things we associate with personality traits might be
emergent from such a paradigm. Early results so far suggest
that it may be possible [23].

Fig. 1. Creating a simple experimental paradigm for emergent robotic
personalities (taken from [23])

A principal idea in this approach is to keep the stimuli
and social environment scaled-down, as simple as possible.
Evolution didn’t start with fully formed social mechanisms
or “personalities”. Rather, it presumably started with simple
variable behaviors across individuals, and somehow molded
those over generations into the constructs which we call

“personalities” today. Indeed, recent biology research has
shown that even simple sensory systems with a small number
of photo-receptive cells can produce incredibly complex
variable reactive behavior in simple organisms [47].
To put this in a more tongue-in-cheek way: if I am
locked in Searle’s Chinese Room, then maybe I should
focus on learning as much as about the room as possible,
since everything outside the room is inherently unknowable
anyway except for the responses I receive from outside the
room when I do things inside the room. We cannot know
what we cannot perceive.
C. Reverse Engineering Social Cognition through HRI
One of the major challenges for adapting this to broader
social interaction is how we measure intentionality in a way
that relates to human social cognition. Just because we can
create some ”phenomena” in our agents, doesn’t mean it is
what we think it is, obviously. As mentioned in Section
1, appearances can be deceiving. This issue is important
when thinking about whether the proposed approach here
can apply more broadly to the field of autonomous agents,
both physical and virtual.
Possibilities for such measurement exist using humanrating scales (e.g. Godspeed scale [48]) or physiological
measures like fMRI, but the sensitivity of those measures,
and whether they are truly measuring ”social cognition”, is
debatable. One of the major issues is that while we can
clearly see a difference in those measures between humanagent versus human-human interaction [8], it is not easy
to know where the threshold lies between the two. One
approach to dealing with this is the ”reverse Turing test”,
where instead of trying to create more human-like agents, we
instead attempt to create less ”human-like” humans [49]. The
idea being that we might be able to figure out what causes
the breakdown of social cognition and the attribution
of intentionality to agents during human interaction by
working backwards. If so, we can then try to augment
our autonomous agents to reduce the gap. To date, reverse
Turing tests have largely been used for cybersecurity tasks
(e.g. CAPTCHA), but we propose here is could be used to
produce novel methods for measurement of what constitutes
an ”intentional agent” during human-agent interaction.
Current research is also taking this angle, using online
game-playing paradigms that attempt to distort the interactions between humans in multiplayer video games to
manifest the breakdown of social cognition, both in our
own work and others [50], [51]. The distortions can involve altering social components themselves (e.g. modulating
speech acoustics, facial expressions, turn-taking behaviors,
etc.) though trained human actors or audio-visual technology.
To do so, we have the humans play online, interacting
through peer-to-peer video-conferencing tools such as Zoom,
where we can manipulate the video feed as desired. We
can alternatively alter contextual factors around the social
interaction (e.g. altering the gameplay or game environment),
while holding the social components constant, similar to
what has been done around ”social presence” research [34].

In either case, these distortions can then be replicated in
AI-controlled virtual avatars playing the video game with
humans in subsequent experiments, to empirically measure
whether such phenomena contribute to the perception of
intentionality during human-robot interaction.
One interesting aspect of using socially-assistive robots
with elderly people (see Section 2), is that what constitutes social cognition and the attribution of intentionality
to the agent by the user depends on the human. Indeed,
that threshold has been observed to often be much lower
in some populations: older adults, dementia patients, small
children [52]. This lowered threshold may provide some
scaffolding toward understanding where the attribution of
intentionality comes from exactly, and what features of the
social interaction might trigger it. The EMA research with
SARs described in Section 2 is geared toward trying to
address some of these questions. However, the flip side is
that we know the design stance is not adopted in young
children the same way as adults prior to a certain level of
cognitive development, usually between 5-7 years old [2],
[53]. As such, the intentional stance may simply be the
default mode in those lower-threshold populations, lacking
other capacities. The same may hold true in other populations
such as older adults, which raises interesting questions about
why intentionality attribution may have evolved in the first
place.
Elucidating why such differences exist will play an important role if we want to design agents as part of user interfaces
leveraging social interaction aspects. Otherwise, those user
interfaces will forever be relegated to the category of ”smart
machines”, rather than truly autonomous entities that can
adapt to novel situations in their own right [9].
D. EMA to Capture the Temporal Dynamics of Real-World
Robot Social Interaction
Another approach to this challenge is developing methodological tools that allow us to capture the temporal dynamics
of real-world robot social interaction in a more “organic”
way. As mentioned in Section 2, EMA is one such strategy
for real-time interaction assessment. EMA can allow us to
generate “ground truth” labels for interaction behaviors during HRI in-the-wild, which can then be used to distinguish
sensor patterns into discernible activities using machine
learning models [54], [55]. Understanding how sequences
of behaviors unfold over time and how that impacts human
perceptions of the “other agent” is fundamental to creating
perceptions of intentionality in a neuroscientific sense [56]
Such an approach could be used to potentially modulate robot
social behaviors autonomously as well [26].
Current research is attempting to explore EMA as a novel
form of interaction assessment with social robots in pilot
studies in the US and Korea. The challenge is designing
an EMA framework that collects relevant information at
appropriate times, which demands careful consideration of
both sampling strategies and stimulus design [57], [58]. For
our purposes here, we are particularly interested in how data
from EMA methodologies can be related to social cognition

components, similar to those described in Section 3.B. This
entails using EMA as a form of psychological assessment
during robot use, but also potentially the use of EMA to help
users understand their own robot use during participatory
design (PD) studies of social robots. Indeed, a majority of
participants in our pilot studies have reported a desire for
such feedback. Such an approach may help address some of
the known challenges with PD research [59].
The principal question is how ongoing use of social robots
in situated settings impacts perceptions of intentionality, and
how such information can be used to design situated use
cases that evoke such perceptions, rather than focusing
only on designing the agent behavior itself. In other words,
the design of agents that adopt their own intentional stance
is dependent on integrating such contextual factors into the
agent’s projection of internal state onto its environment
(as described in Section 3.B). Otherwise, there will be a
disconnect between the human users’ sense of intentionality,
and our agents’ sense of intentionality. We elaborate on this
concept of designing situated interactions for intentionality
in the next section.
IV. SYNTHESIZING A BROADER CONSTRUCT OF
SOCIAL INTERACTION IN AUTONOMOUS
AGENTS
The prior section laid out several potential experimental avenues for trying to create intentionality in sociallyinteractive agents. The principle idea is that there needs to
be close alignment between our agent’s design and its
functionality, as well as alignment between the human’s
sense of intentionality and the agent’s [12], [13]. However,
the question remains as to how we synthesize these various
approaches into a single unifying framework that allows us
to consistently design such agents. We could, of course,
assign the agent some pre-defined goals for specific situated
use cases (see Section 3.D) or specific types of social
interactions (Section 3.C), but that would not be in keeping
with an emergent approach described in Section 3.B. There
are however cues we can take from other lines of research.
For instance, the embodied and/or enactive paradigm
within cognitive science contends that such emergent goals
can manifest via the dynamics of the interaction itself,
that there is some process of ”sensori-motor babbling” that
can create such goals [60]. The idea is similar to that
of ”minimal cognition” in dynamical systems theory [61].
Another possible avenue is to take advantage of recent fMRI
research on the differences in brain activity during humanagent and human-human interaction (see Section 2) [8]. In
particular, some of the ”social reward” mechanisms hold
promise in this regard. However, as Rolf & Crook have
pointed out [40], the aim isn’t simply some new form of
reinforcement learning, but rather the ability for agents to
generate their own novel goals. In this view, goals are not
the reward signals themselves, but rather the ultimate end
states of action ... a subtle but important distinction. As such,
any sort of ”novel intentional goal” in an agent has to be an
internal representation based purely on the agent’s internal

perspective, not an external teleological interpretation based
on the external world [40]. Intentionality by this definition
must exist independent of the perspective of the designer or
their design parameters. Or to put it more simply, intentionality cannot be designed, rather only the conditions in
which it might arise can be created.
So then, what conditions might we need to create? One
possibility comes from recent research on curiosity-based
robotics. The central idea here is that by adding an artificial
”curiosity drive” to the agent we can induce it to create
its own goals by focusing on ”intrinsic rewards” during
exploration of the environment [39]. These intrinsic rewards
are typically some measure of the learning process itself,
such as reducing the prediction error rate of environmental
response while trying different possible actions, with the
focus on learning the response across all possible actions
rather than only trying to figure out the best action. This
aligns with our current experimental robotic face paradigm
described in Section 3 (focusing on how the environment
responds to the agent, rather than the other way around).
We can trace such approaches back to Kismet robotic face
sensorimotor babbling experiments a couple decades ago
[62], or even the behavior-based robotics approaches that
came before it (see next section).
More recent research has shown how a curiosity-based
approach can be used for dialogue-based robots [63] and emulating infant-like predictive learning in robotic systems [16].
It is of course one thing to apply these ideas to sensorimotor
tasks, or very specific social tasks. The open question is how
these ideas can be expanded to address broader constructs of
social interaction, or even ”robotic personalities” themselves,
during human-agent interaction. This is especially true if
we consider longer-term interactions, where contexts and
settings may change over time [64]. We stress that we think
it is the combination of elements described in this paper
that may prove a path forward, rather than any individual
component. A synthesis of these ideas.
V. CONCLUSION
It has been roughly 30 years since Rodney Brooks wrote
his famous papers on behavioral-based robotics, lamenting
the limitations of current AI of the time [37], and roughly
50 years since Dennett first wrote about intentional agents
[1]. Many avenues to realize those ideas have been attempted
over the years, but in some ways we are still stuck on
the same problems. The dream however remains, in its
purest form, to simplify the complex by proposing ways
to reduce the computational burden necessary for life-like
agents. To build atop what’s been accomplished so far. The
difference here being that recent research has led to a better
understanding of socio-perceptual systems during humanrobot interaction and the limits of ”form over function” in
triggering social cognition. We’ve learned much about what
doesn’t work over the past 20 years, which may guide us
better in the coming years.
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