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Abstract—Engagement is essential to meaningful social interaction between humans. Understanding the mechanisms by which
we detect engagement of other humans can help us understand
how we can build robots that interact socially with humans.
However, there is currently a lack of measurable engagement
constructs on which to build an artificial system that can reliably
support social interaction between humans and robots.
This paper proposes a definition, based on motivation theories, and outlines a framework to explore the idea that engagement can be seen as specific behaviors and their attached
magnitude or intensity. This is done by the use of data from
multiple sources such as observer ratings, kinematic data, audio
and outcomes of interactions. We use the domain of human-robot
interaction in order to illustrate the application of this approach.
The framework further suggests a method to gather and aggregate this data. If certain behaviors and their attached intensities
co-occur with various levels of judged engagement, then engagement could be assessed by this framework consequently making
it accessible to a robotic platform. This framework could improve
the social capabilities of interactive agents by adding the ability
to notice when and why an agent becomes disengaged, thereby
providing the interactive agent with an ability to reengage him
or her.
We illustrate and propose validation of our framework with
an example from robot-assisted therapy for children with autism
spectrum disorder. The framework also represents a general
approach that can be applied to other social interactive settings
between humans and robots, such as interactions with elderly
people.
Keywords—Human-Robot Interaction; Motivation; Engagement; Multi-modal Data

I.

I NTRODUCTION

In everyday interaction, if you feel like you are not attended to, you will likely be uninterested in pursuing further
interaction with the person involved [1]. This makes attention
one of the critical factors in building interactive agents; but it
is not the only prerequisite for meaningful interaction: interaction needs to be maintained. The maintenance, initiation and
termination of interaction has been studied in Human-Robot
Interaction (HRI) under the concept of engagement [2]–[4].
Here, we extend the concept by defining engagement through
the lens of motivation theory [5], [6]. We take this perspective
because understanding engagement as a motivational process,
and how it can be maintained, has had many positive effects
in educational settings [7]–[10].
Researchers whose goal is to create social robots use
behavioral cues to extract information about an individual’s
mental states [11]. What is attended? What emotional state is

the individual in? Is the individual enjoying the interaction?
We add this question to the list: “can we by noninvasive
means measure engagement, seen as a construct derived from
motivation theory, so that we can make use of its benefits in
interaction between humans and robots?”.
Previous research has mainly focused on developing behaviors that initiate interaction (locating a human, turning towards
him/her and displaying proper greeting behavior), maintain
interaction by tracking the user’s face, reformulating requests
if the user fails to respond, and terminating the interaction
by verbal communication and gestures [3]. Information about
that individual’s motivational state, which we believe is key
to examine engagement, is scarce in this approach. There is a
need to regard engagement as a motivational construct to be
able to benefit from the positive effects that have previously
been found in educational settings, as described below.
We assert that engagement critically includes more than
a serial process of initiation, maintenance and termination of
collaborative behavior. On the basis of motivational theory, engagement is more appropriately viewed as constructs expressed
in terms of behavior type and intensity (fast movements,
laughter magnitude, smiles, etc.). We also assert that engagement stems from intrinsically motivated positively affective
behavior. Our framework is able to measure these constructs
using a noninvasive multi-modal sensory approach, including
motion kinematics, eye-tracking, event-segmentation, audio
and intervention outcome measurements.
Before presenting the framework in more detail, we describe the positive effects of assessing engagement in interaction and discuss a practical application that can benefit
from these positive effects. We then suggest a definition of
engagement based on motivation theories. Lastly, we discuss
the framework and how data could be gathered to assess its
quality.
II.

W HY E NGAGEMENT ?

Research on engagement, relevant to this context, has
been carried out in classroom environments; investigating for
instance the positive effects of students being engaged (ontask, interested, etc.), including improved self-efficacy which
increases the likelihood of task initiation and decreased anxiety
[10], contribution to learning [7] and increased effort, persistence and enjoyment [8], [9]. If a child is anxious, appears
uninterested or simply does not enjoy the interaction, then the
task will likely fail. The feeling of enjoyment, the urge to put
effort into a task and to keep on doing so is more likely to

occur if one can assure that an interaction maintains a high
level of engagement. We argue that these effects appear to
be overlooked in HRI. Consequently, we propose a method
to measure engagement by suggesting a practical application
within HRI.
RAT [12] is an technique used in Autism Spectrum Disorder (ASD; [13]) and maintaining engagement is central in
this context. One of the challenges of RAT is to create a
semi-autonomous robot that can improve social skills in ASD
children [12]. Possible benefits include, but are not limited to, a
wider range of positive social behavior and increased attention
in the interaction sessions (see [14] for a more detailed
account). In these therapy sessions, it is desirable to measure
the children’s emotional, motivational and attentional states
so that the robot can act accordingly, reengaging the child if
the child disengages. Furthermore, it is desirable that these
measurements are done in a noninvasive manner, since people
with ASD can be hypersensitive to touch [15]. Currently,
noninvasive feature extraction using multi-modal sensory data
to assess a user’s mental states have shown some promise, but
more research needs to be done [16]. We further argue that
multi-modal data would contribute to greater redundancy in
the framework as well as an opportunity to examine the extent
to which engagement can be seen from a broader range of
co-occurring behaviors.
As illustrated in the example above, the HRI community
has the potential of constructing interactive agents that can
assess engagement and utilize its positive power. But to be able
to do so, we must first untangle the definition of engagement,
which the following section is devoted to.
III.

U NDERSTANDING E NGAGEMENT IN HRI

B. Self-Determination Theory
Self-Determination Theory (SDT; [6]) concerns a continuum ranging from amotivation to extrinsic motivation and intrinsic motivation. Each motivational type has some regulatory
processes, regulatory styles and a perceived locus of causality.
These are factors that promote or hinder internalization of
and regulation of behaviors that is exhibited in this motivational continuum [6]. Meyer and Gagne [17] proposed that
intrinsically motivated behavior could constitute a framework
of engagement, partly because it has been used to guide
engagement-relevant variables (in a variety of contexts) such
as needs satisfaction, motivational states and psychological and
behavioral outcomes. Deci and Ryan [6] also briefly mention
that when a subject is intrinsically motivated he/she actively
engages in a task that is interesting, promotes growth, is of
optimal challenge and is enjoyable. This can be put in contrast
to amotivation, where a subject would be forced to commit to
a goal where he/she: feels incompetent when it comes to the
task to be performed, lacks intention to act, is not expecting
a desired outcome and does not value the activity [6]. In this
case, the subject would not be likely to act at all or would
act without intent [6]. The key is that intrinsically motivated
actions, as opposed to externally motivated actions, stems from
a need or a ”desire” to perform an enjoyable action for its
own sake rather than being forced to commit to an action
by an outside source. However, this does not imply that an
outside source always disrupts intrinsic motivation: Revisiting
the example above, a fellow researcher could invite people
to a discussion about engagement, which would facilitate the
performance of an enjoyable action (discussing the idea).
In the next section we suggest how these theories of
motivation can be used to infer the level of engagement from
an individual’s actions.

A. An Approach to Engagement Based on Motivation Theory
When reviewing the literature it is evident that there
is “... no single correct- definition of engagement.” [7, p.
224]. We seek to make engagement accessible to HRI by
suggesting a definition of engagement and how to measure
it using data from multiple sources such as the outcomes
of an interaction, kinematic data, audio, observer judgments
and self-assessments. To achieve this, we need constructs to
explore the theoretical foundation that such constructs would
be derived from. It is our position that a behavioral definition
of engagement can be derived from the works of Brehm and
Self [5] and Deci and Ryan [6], as the magnitude, or intensity,
of the behavior chosen to achieve a goal. More specifically,
we propose that: engagement can be operationalized as the
magnitude of an intrinsically motivated behavior that is initiated by an organism to reach a specific goal. To illustrate
this definition, consider the anecdotal account of its discovery:
The researcher got an idea which had to be recorded (goal).
He then chose to pick up pen and paper to start formalizing
the idea by writing (behavior). This behavior was energetic,
i.e. he wrote faster, and pressed the pencil harder against the
paper than usual (magnitude). In addition, this goal pursuit
was enjoyable, brought satisfaction to the discoverer and he
did so without external pressure (intrinsically motivated). We
would argue that the energetic behavior of this author reflects
the level of engagement that was present during this theorycrafting session. Below we explain the theoretical rationale for
our proposed definition.

C. From Action to Engagement
Skinner, Kindermann and Furrer [18] argue that engagement could be viewed as a quality indicator of the interactions
made with the environment. Motivation appears as outward
manifestations of engagement, which can be traced and operationalized. Research on motivation underscores the importance
of certain psychological qualities of human activity, such as the
energy, purpose and durability of that activity [18]. They argue
that engagement (together with disaffection as its polar opposite) is a central manifestation of an ongoing action. An action
has certain qualities, such as being directed, sustained and
energized. These qualities in turn reflect motivation, together
with engagement and disaffection. The concept of action in this
context does not translate into observable behavior. An action
is a super-category to behavior, emotion, attention and goals
[7], [19]. Actions are goal-directed, which means that different
visible behaviors can belong to the same action; running,
spinning and doing jumping jacks are different behaviors
belonging to the same action category (getting fit). In addition,
the notion that an action is, to various degrees, energized and
that this is one of the qualities that reflects motivation, is not a
new one. Esqueda (as cited in [5]) found that when the current
level of motivation reaches above a certain point, the amplitude
of irrelevant responses increase. In that case it was the force
participants exerted on a button and the speed of their writing,
which is similar to our example above.
A social context can provide socially relevant feedback

which is dependent on the actions that are produced by
individuals [20]. Thus, people are able to grasp the intentions
of an actor’s actions and determine whether the action was on
purpose or not. These features allow us to create a motivational
construct of engagement, where engagement describes an individual’s interaction with the environment, and that engagement
should include the initiation and durability (give up/do not give
up)of initiated action [7].
It has been demonstrated that we can derive the behavior
of an individual by viewing simple kinematic information in
point-light displays [21]. Furthermore, such information can be
augmented with contextual information from the environment
to infer overall goals of an observed action [22]. As such, the
ongoing actions described by [19] and [7] above could augment our understanding of engagement by analyzing kinematic
data. Data from other sources, such as audio, can be added to
increase the redundancy in the framework as well as providing
contextual information.
Thus, we suggest that motivation provides us with a goal
as well as modifying the intensity of the behavior chosen
to achieve a goal. The resulting action is goal directed and
consists of a behavior that reflects the motivational intensity.
This action can then be seen as an observable behavior which
leads to an outcome that is evaluated with respect to the goal.
It is from this observable behavior that we can infer the level
of engagement. It is important to note that it is not only the
intensity of the behavior that matters, it is also the behavior
in itself. An action can consist of multiple behaviors, but
the motivational state (i.e. the continuum from amotivation
via extrinsic to intrinsic motivation) limits what behavior(s)
are selected from an organism’s repertoire of all possible
behaviors. This selection of behavior(s) from a set of all
possible behaviors, depending on motivation and goal, has
been suggested in neurological studies [23], [24].
This definition serves as a general definition of engagement
that extends to a variety of tasks that children perform in
therapeutic settings. The framework we propose below is a
specific context that we use to test the validity of the definition
for joint attention, imitation and turn-taking. A more general
definition of engagement should be less context dependent
[25], and our future research will examine the degree to
which the framework generalizes to other contexts of social
interaction.
We have suggested how we can interpret the qualities of
observable behavior as levels of engagement. The following
section explains the current issues regarding the measurements
of engagement from a HRI perspective and introduces a
proposal on how to solve these issues using additional sources
of data.
D. Issues with Current Measurements from a HRI Perspective
The engagement and motivation literature still relies on
observational and/or self-assessment measures [7], [18], [26]–
[28]. There appears to be a consensus that the self-assessment
measures are a valid way of asserting the level of certain
engagement constructs of an individual, i.e., we know if we
are motivated, on-task and happy but do not necessarily know
why. Some studies have made an effort to clarify whether
observations and self-assessment measures correlate. Such a
comparison is necessary to ensure that the observer and the
observed report similar levels of engagement. An extensive

and ambitious study compared the two and found only weak
to moderate correlations [18]. However, as mentioned above,
this is a problem from a HRI perspective. To be able to capture
when someone becomes disengaged in an interaction, there
has to be a better mapping between the observed level of
engagement and the level of engagement that is experienced.
There is little to no research on measuring engagement
without observers and self-assessment measures. When creating semi-autonomous robots, e.g. for RAT, having an observer
on duty to judge engagement would defeat the purpose. One
way to solve this issue is to look for co-occurrences between behavior, observers- and self-assessment measurements.
Classifying “engagement” behaviors, using motion kinematics,
gaze, audio and task outcome data, while finding patterns
where observers and self-assessment measures agree would be
a first step.
Based on the shortcomings of previous measures of engagement, we need to operationalize the actions mentioned
above in [18] into observable behaviors and correlate these to
subjective and observers’ ratings of engagement levels. We will
build on motivation theory to construct a framework, which we
propose can extract such data by noninvasive means.
E. Measuring Engagement
To be able to find behaviors and their corresponding
intensities that co-occur with engagement we need a ground
truth, i.e., an established appraisal of engagement. In clinical
settings, and in previous studies on assessing engagement, it
is common to use some kind of observer metric [18], [29],
[30]. As addressed in the section above, to be able to utilize
the benefits of assessing engagement in HRI, we need to
work towards metrics based on multi-modal sensory data. This
section describes the metric used on to which the observable
behaviors will be mapped, in order to move towards a sensordata only approach to assess engagement in HRI.
Our proposed framework makes use of observers who rate
the levels of engagement on a 6-item scale (developed to
measure engagement in human-robot interaction with ASD
children [29]) and the participants’ rate the level of enjoyment
they exhibit after each interaction session. The participants’
enjoyment ratings will be used as a convergence measure
between subjective and observer ratings (see above, [18]).
The observer ratings are then used as a ground truth of
the level of engagement at any time during the interaction.
Consequently, the multi-modal data is mapped onto the metric
to examine what co-occurring behaviors exist for some engagement level as well as the intensity of those behaviors (velocity,
acceleration, etc.).
In the next section, we examine in more detail how these
are specified in our framework to measure engagement.
IV.

F RAMEWORK

Our framework serves as a basis for experimentation to
investigate the observable behaviors that can be mapped to
different levels of engagement constructs.
The aim of the framework is to:
1)

Identify observable behaviors that are engagementlevel specific.

TABLE I.
T HE F RAMEWORK . O N THE LEFT WE SUMMARIZE THE I NTERVENTION O UTCOME AND O BSERVABLE BEHAVIORS , FOLLOWED BY THOSE
METRICS ’ VARIABLE VALUES AND UNITS . O N THE RIGHT WE DISPLAY THE O BSERVERS ’ ASSESSMENTS OF THE ENGAGEMENT LEVEL FOLLOWED BY THAT
METRIC ’ S VALUE . T HE ARROW IS TO BE INTERPRETED AS THE MAPPING FROM THE Measurements TO THE Observer Ratings.
Measurements: Intervention Outcome
and Observable Behaviors

Variable Value and Units

Intervention Outcome (ADOS-G score)
Gaze (On/Off target)
Body (On/Off target)
Arms
Hands
Emotional Signals

0-2
1/0
1/0
m/s, m/s2
m/s, m/s2
dB, Classification (angry, happy, neutral, sad)

2)
3)

Identify how the parameters of these observable behaviors vary between high and low levels of engagement.
Provide a foundation from which we can empirically
measure engagement.

Table I. illustrates the core aspects of the framework. The
variables in Table I, of which the levels of engagement are
mapped onto, are the intervention outcome, self-assessments
and multi-modal sensory data. We start by describing how data
should be collected and analyzed to validate our framework.
1. Participants might be put in an interaction task with a
robot. This stage produces three main categories of data: A.
The interaction will be recorded so that it can be viewed later
by observers, B. During the interaction, motion kinematic, gaze
and audio data are recorded and, C. During the interaction,
self-assessments are included to measure participants’ enjoyment.
2a. We propose that observers are divided into two groups.
The first group is shown recordings of an entire interaction
session. Using the 6-item scale, their task is to mark when
they feel that an observable behavior match a description for
an engagement level (see [21], for a similar segmentation task),
thereby creating timestamps for the levels of engagement. The
second group is shown recordings from the same interaction,
divided into segments based on the segmentation from the
first group. The second group then uses the 6-item scale to
judge the levels of engagement in these segments. If these
two groups ratings achieve a high correlation, then there is a
high probability that they have made their ratings based on
the information provided in those segments. In addition, this
approach also narrows the time frames so that we only need
to map the data onto the shorter segments.
2b. Since the framework’s starting point regards RAT, we
propose that the Intervention outcome is measured by the
Autism Diagnostic Observation Schedule - Generic (ADOSG; [31]). This measurement is specific to RAT which implies
that other measurements for this variable is to be applied when
generalizing the framework to other applications. Using video
data, clinicians can assess the interventions by the parameters
provided by ADOS-G (described in more detail below). These
ratings will provide a measurement of the intervention outcome
that serves as one of the predictors of the levels of engagement.
3. Based on the observers’ judgments, machine learning
algorithms, such as support vector machines or recurrent neural
networks, can be used to determine what observable behaviors
are more likely to co-occur with specific levels of engagement.
Correlations between the participants’ self-assessment scores
and the observers judgments will also be considered in this
approach in order to replicate previous findings [18]. After
stage 3 is completed, the validation of the framework will be

→

Ground Truth: Observer Ratings

Variable Value

Engagement Level

0-5

complete.
Table I. includes the variables that we predict will be
qualified indicators for the levels of engagement. This includes
possible values (and/or units) a variable can have at any given
point during the interaction.
Following this overview of our framework, we present a
more detailed account of every step. These are, in order: 1.
framework architecture, 2. social interaction tasks (interventions), 3. participant ratings and, 4. observer ratings.
A. Framework Architecture
Our framework is depicted in Table I. where we present our
levels of engagement and the inputs that are used to predict
them. Following the Observer Ratings on the right in Table I,
we find 4 major data categories in the Measurements column:
Intervention outcome, which is described in more detail in
the Interventions section below, Self-assessment which are the
subjective ratings measured at specific points in time during
the interventions (see participant ratings below) and the other
data modalities which are either gathered from video or audio.
To summarize the visual and audio modalities: Gaze
generates a binary input where the target change depending
on the state, at some time t, in the interaction (the target
is defined by what should be attended to at any point in
an intervention). Body also generates binary input, detecting
whether the child’s body is facing the correct target. The
rationale for choosing these variables is that it provides a
reassurance that the remaining data gathered actually concerns
the interaction, since it is hard to argue that someone who is
not facing the interaction is actually engaged in it.
The Arm and Hand categories each consists of variables
called āarm and āhand (left side), and b̄arm and b̄hand (right
side), respectively. Each of these categories is measured by
RGBD-sensors . These measurements are the velocity (m/s),
acceleration (m/s2 ) and 3D-position of each arm and hand.
The rational for choosing these variables is that if we can
observe a behavior via video data, we need the intensity of that
behavior. By extracting 3D-positions we will be able to map
movement patterns formed by the arms and hands and see if
there are co-occurrences of patterns with levels of engagement.
We will also be able to measure the intensity (velocity and
acceleration) of these co-occurring patterns.
Lastly, Emotional signals can be extracted from both visual
and audio data. The need for the extraction of emotional
signals is described above, where we argue that enjoyment
is essential for intrinsic motivation which is essential for
engagement. It seems plausible to derive a 4 way binary
classification of facial features using support vector machine
classification [32]. These four states are angry, happy, neutral
and sad. Classifying emotional states with audio data alone

has proven to be difficult [33], thus audio will be used to
provide additional redundancy in the system and provide the
4 way binary classification above with an ”intensity” value,
i.e. how loud (measured in decibels) the resulting sound of an
emotional state is.
The next section concerns a more detailed account of the
interaction interventions used in this study.

TABLE II.
Rating

Meaning

Description

0

Intense noncompliance

The child walked away from the
place in which the robot/human interaction took place.

1

Noncompliance

The child refused to comply
with the experimenters request to play with the robot/adult

2

Neutral

The child complied with instructions to play the game with
the robot/adult after several prompts from the experimenter.

3

Slight interest

The child required two or three prompts from the experimenter
before responding to the robot/adult.

4

Engagement

The child complied immediately following the experimenters request
to play with the robot/adult.

5

Intense engagement

B. Interventions in RAT
Although our framework can be used as a general tool in
assessing engagement in HRI, this section focus on describing
the approach in a RAT application. To measure the cooccurrence of behaviors, we propose the use of interventions
commonly used in RAT [12]. These interventions consist of
an Imitation, a Turn-taking and a Joint attention task.
The imitation task consists of movement, gesture and facial
imitation (imitate movements, imitate a movement with an
object, produce the correct facial expression from a set of
emotive cards, etc.); The Turn-taking task is conversational
and cooperative (e.g. tower of blocks game), and; The Joint
attention task consists of gaze alteration between an object and
a robot. Each task also consists of multiple sub-tasks, meaning
that for example the imitation consist of multiple imitation
scenarios, not just one.
The ADOS-G tool can be used to quantify the outcomes
of the intervention. ADOS-G consists of 4 modules, which are
chosen in accordance with the age of the child. These modules
contain items assessed by a clinician. There are 28-31 items
(depending on the module) which include assessments of e.g.
anxiety, initiation of joint attention and unusual eye contact.
These items are measured on a 3 point scale (from 0 to 2)
where 0 indicates no autism related abnormality and 2 indicates
definite evidence for such abnormality. The total ADOS-G
score will serve as predictors for the levels of engagement.
1) Participant Ratings: After each intervention, the children conduct a self-report on how much fun they had during
the intervention. Working with children, one must consider that
they live in their own world, which requires special adaptations
for the researcher [34]. To this end, [35] designed a tool to
measure ”emotional engagement” and concentration (smiles,
laughter, fingers in mouth, etc) with a ”Fun-o-meter”. The one
we adopt here is a an ordinal 5-level smiley scale, with a
sad face and a happy face respectively at the corresponding
ends of the scale. Note that this should not serve as a
direct measurement of the perceived engagement. Instead, this
measure should be considered a failsafe in that it should not
diverge with the observers’ ratings of enjoyment.
2) Observer Ratings: As stated previously, observers will
conduct an event segmentation task in order to find cooccurrences between levels of engagement and behavior. Their
task is to use a scale developed for measuring engagement of
ASD children during human-robot interaction [29]. As shown
in Table II. this is a 6-item scale that puts emphasis on the
level of compliance. To revisit our definition of engagement,
looking at level 4 and 5 of the scale, we can see that they
involve a willingness to interact with the robot. Either this
is done in a level 5 manner (spontaneously, which would be
purely intrinsically driven) or in level 4 manner (interaction
after experimenters request, showing a somewhat extrinsic to
weak intrinsic drive). The other levels suggest that motivation
becomes more and more extrinsically driven or that it fades

L EVELS OF E NGAGEMENT

The child spontaneously engaged with the robot/adult.

completely in which case the child has lost all its interest
in the interaction. This scale will be used as an annotation
tool by the observer. Using annotation programs, such as
ELAN1 , observers in group one are to be shown recordings
of an interaction with a child. Their task is to assign the level
and duration of engagement throughout the whole interaction.
The second group will then be shown an edited version of
the interactions based on the ratings of the first group. The
editing will be made based on when one level of engagement
transitions to another (5 seconds before and after a transition).
These ratings will then be judged for inter-rater reliability
which, if high enough, will ensure us that the rater based their
judgments of those engagement levels on the data available in
the 10 second edited video.
V.

C ONCLUSIONS : T HEORETICAL C ONTRIBUTIONS AND
F UTURE W ORK

The main contributions of our proposed framework and
method are twofold: First, it suggests how engagement can
be interpreted as the intensity and selection of behaviors, that
can be measured via noninvasive means. This definition is
contrasted with definitions made in previous research; Instead
of claiming that engagement is built on constructs such as
attention, pride, anxiety etc. [18], [30], we suggest the use of
motivation theory and adding observable behaviors with their
corresponding traceable intensities to measure engagement in
HRI. Engagement is often a matter of degree, and the ability
to measure this degree should be a part of any artificial system
that responds to engagement in social interaction.
Second, it could provide us with a database of behaviors
that are more likely to occur with higher levels of engagement.
Such a database could prove valuable to further examine if
these behaviors apply to other populations, such as normally
developed children of the same age.
As shown above, engagement is not a readily graspable
subject: Engagement could be comprised of behaviors that
together form a complex system that we need to understand
in order to avoid disengagement.
This paper suggest a definition of engagement based on
motivation theory, as well as providing a framework to measure engagement as the intensity and type of goal directed
behavior. We also need to know when a human disengages,
1 https://tla.mpi.nl/tools/tla-tools/elan/

and how to reengage that human. Our current setup provides
the opportunity to answer the question of what cues are present
when a human disengages. In addition it also gives us the
opportunity to examine the behaviors that signal a drop in
engagement. Thus there is a possibility to refine the dynamics
of future interaction as well; if a human is attending and is
initiating actions, but shows signs of frustration or anxiety,
the robot has more data to use to adapt its behavior than if
we only had data based on whether the human is attending to
that interaction or not. This framework will ultimately improve
the interaction between humans and robots by including more
dimensions, i.e. behaviors, to engagement than are currently
being considered.
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