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Abstract—While Robot-Mediated Behavior Intervention (RBMI) 
for Autism Spectrum Disorder (ASD) has made significant 
strides in recent years, its clinical utility is still limited in many 
respects. One of its biggest challenges has been the 
implementation of adaptive interventions, such that the child-
robot interaction is modulated in accordance with the needs of 
each individual child. This adaptability is of utmost importance 
given the nature of this disorder and the demands of effective 
therapy. But the same factors that make adaptability important 
also make its achievement extremely challenging. This paper 
discusses the motivation behind an adaptive RMBI system for 
ASD and proposes a theoretical multi-modal framework to 
achieve this goal. It also highlights the key challenges facing its 
successful implementation. 
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I.  MOTIVATION 
The use of socially assistive robots in Autism Spectrum 

Disorder (ASD) care is not uncommon with a multitude of 
assistive robots currently being used for a variety of 
applications targeting education, language, communication, 
social skills, emotional expression and sensory processing etc. 
[1][2][3]. However, the clinical utility of such robots still 
remains limited [4][5], with most studies being restricted to 
laboratory settings. In addition, partly because of limited 
deployment to natural environments, most findings from these 
studies are still exploratory. While there are many reasons for 
the limited utility of Robot-Mediated Behavior Interventions 
(RBMI), one of the primary hurdles is taking a “one-size-fits-
all” approach. Given that autism is a spectrum disorder and that 
each child with ASD has highly unique symptoms and specific 
needs, such an approach is bound to find little effectiveness.  

With the need for personalized interventions established, 
we propose a theoretical framework based on multi-modal 
sensing and perception to estimate a child’s engagement in 
interactions with the robot. The framework uses this estimate to 
modulate the robot’s behaviors, selecting robot actions that are 
more likely to maintain the child’s engagement in the activity. 
Here, it is anticipated that if the child is more engaged with the 
robot, he/she will be more likely to derive learning from such 
an interaction. 

It is, therefore, also useful to identify challenges that have 
prevented such a framework from becoming a reality thus far 
and must be solved before such a system can be fully 
implemented to achieve truly personalized intervention. 

Section II describes the proposed framework for adaptive 
RMBI. Section III identifies and discusses the key challenges 
facing its successful implementation and Section IV concludes 
this work. 

II. A THEORETICAL FRAMEWORK FOR ADAPTIVE RMBI 
This section presents an overview of a theoretical 

framework that can potentially be used to design and 
implement adaptive RMBIs for children with ASD. 

A. Sensing and Perception modalities 
Since many children with ASD tend to have language or 

communication difficulties, the natural first step towards 
developing a framework for adaptive RMBI for ASD is for the 
system to automatically determine a child’s emotions, interest 
or engagement without having to explicitly extract that 
information from him/her. To achieve this functionality, the 
framework must incorporate sensors to estimate these states 
based on “observations”. To improve the accuracy and 
reliability of these estimates, it is sensible to use multiple 
sensing modalities instead of one. 

These sensing modalities must be selected based on their 
capacity to provide an accurate estimate of the child’s internal 
state, while being unobtrusive and causing minimal discomfort 
to the child. The collected sensory data is then analyzed to 
implement the “perception” component of the framework. 
Here, the analysis results in a mapping of behavioral and 
physiological measures to the child’s emotion states, which is 
then utilized to derive a measure of engagement in the 
interaction with the robot.  

In this theoretical framework, we consider the user of 4 
different sensing modalities that track either behavioral or 
physiological changes. These include: 

• Tracking body movements through the Kinect sensor, 
which are then analyzed through Laban Analysis [6] to 
map to emotion states 

• Analyzing vocalizations from the child by extracting 
speech features to determine emotion states 

• Facial expression analysis from video data to 
determine emotion states 

• Using physiological signals to determine emotion 
states, based on measures such as heart rate, blood 
volume pulse, electrodermal activity and skin 
temperature 



B. Emotion model and Engagement 
Before these modalities can be used to derive an emotion 

mapping, a model to represent these emotions must be selected. 
The circumplex model [7]  and the Positive Affect and 
Negative Affect  model [8] are two examples of these, though 
several other emotion classification models also exist. Fig. 1 
shows how emotions are represented in the circumplex model. 
A small set of basic emotion states is then selected, based on 
their distinguishability in the model and also their likelihood to 
be experienced by the children during the interaction with the 
robot. 

 

Figure 1.  Circumplex model for emotion representation [7] 

Once emotion estimates from the individual sensing 
components are obtained, they are sent to a server to compute 
an overall emotion state of the child. This emotion state is 
computed at regular intervals, obtaining a trajectory of 
emotional changes the child may undergo when interacting 
with the robot. 

A measure of engagement is then derived based on the 
changes in these emotion states. Continuously changing 
emotion states can indicate responsiveness of the child to 
different robot behaviors, implying a high level of engagement. 
However, if emotion state of the child is repeatedly determined 
to be the same or similar, it can be perceived as an indication of 
disinterest in the interaction. 

C. Output control for adaptability 
A machine learning algorithm running on the server can 

learn interaction models of individual children to implement 
interventions tailored to their preferences. A reinforcement 
learning-based algorithm may be used, with the rewards 
determined by the changes in engagement levels. 

The robot may be pre-programmed for a number of 
different behaviors. Actions from this behavior space may be 
selected, or new behaviors generated in real time. Output from 
the machine learning algorithm dictates which robot behavior is 
selected and shown to the child. Thus, adaptability in the 
intervention may be achieved. 

Fig. 2 provides a representation of this theoretical 
framework described above.  

 
 

III. CHALLENGES 
Several components of a framework such as the one 

described above have already been implemented in the past for 
other applications. These include emotion recognition systems 
based on one or more behavioral or physiological modalities. 
These studies have either involved the typically developing 
population or have focused on other disorders such as Major 
Depressive Disorder [9]. Extension to the domain of ASD 
intervention for young children brings its own set of challenges 
that have not yet been solved. This section broadly highlights 
these challenges, as experienced during the course of our work 
in intervention design for ASD. 

A. No ASD-specific emotion recognition criteria 
Several studies in the past have utilized behavioral and 

physiological measures to determine emotion states in 
individuals. These have focused on a number of domains 
including the identification of symptoms of disorders like 
MDD [9], stress measurement [10][11], and enhancing 
teaching methods [12]. The subjects in almost all such studies 
are typical adults or children, presumably with no or minor 
atypicality in their emotion expression behaviors. 

However, children with ASD show highly atypical 
behaviors when expressing emotions. For example, their facial 
expressions are not always indicative of their actual emotions 
[13]. Their gestures and movements are not closely matched 
with those of their neurotypical counterparts [14]. Atypical 
vocal patterns are also common [15][16], and physiological 
reactivity has been found to be low as well [17][18][19]. Given 
these abnormalities in behavioral and physiological patterns in 
ASD, it is obvious that the standardized measures established 
by previous studies cannot be directly utilized in works 
targeting ASD interventions. 

Therefore, before automated detection of emotion changes 
can be implemented for an adaptive RMBI, it is first necessary 
to accurately determine different emotion states of a child with 
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ASD. This would mean that new rules and criteria, different 
from the ones already established for typical individuals, would 
have to be developed. 

B. No ASD-specific emotion model 
The circumplex model has been widely employed in a 

number of studies to represent emotions as valence-arousal 
dyads. Models for various populations have been investigated, 
including a circumplex model for maternal behavior, a model 
for social behavior in children [20] and even those for different 
cultures [21], including Estonian, Greek, Chinese and Polish 
cultures [22] . 

However, no such models have been established for the 
ASD population or for any of its demographics. To use the 
same model of emotions as for the neurotypical population may 
not accurately reflect the emotion states of a child with ASD. 
Large-scale studies focusing on the different demographics 
within the ASD population, taking into account factors such as 
age, gender, ethnicity and functional level etc., would need to 
be conducted to establish emotion models specific to ASD. 
Developing an adaptive RMBI framework without such a 
model may have only limited value. 

C. Lack of training data for machine learning algorithm 
In most studies involving RMBI for ASD, researchers have 

usually relied on a trained human’s input to determine the 
child’s engagement level in the interaction. However, for an 
automated system to estimate this measure, it may require more 
than a few iterations of the child interaction with the robot 
within the same setting to accurately determine the child’s 
affinity towards the particular stimulus provided by the robot. 
This would serve as training data for the machine learning 
algorithm to develop a model of the child’s interaction patterns 
in order to determine which action to select next that would 
maintain the child’s engagement. 

However, in most behavioral experiments involving 
children with ASD, collecting extensive amounts of interaction 
data can be difficult. Therefore, training individual models of 
child interactions can be a challenging task. This has direct 
impact on the working of the proposed adaptive RMBI 
framework and limits its usefulness for its purpose of providing 
personalized interventions. 

D. Need for real-time implementation 
The proposed adaptive framework relies heavily on the 

ability of the sensing and perception components to determine 
emotion states, and on the ability of the learning algorithm to 
subsequently process that information to select the optimal 
robot action. In addition, they must do this fast enough for the 
robot to respond to the child in real-time, enabling the child-
robot interactions to resemble natural human-human 
interactions. If the robot’s responses are slow, inadequate or 
out of context, the interactivity of the robot will suffer and so 
will its ability to engage in meaningful interactions with the 
child. Therefore, real-time responses are of utmost importance 
to the successful implementation of an adaptive RMBI system. 

However, extracting meaningful features from the collected 
behavioral and physiological data, using them to estimate 

emotion values, computing engagement changes, training 
individual interaction models, and selection of the most 
appropriate robot action, all in real time in order to make the 
robot responsive, is no easy task. Nonetheless, it is a feature 
that must be implemented to fully utilize the proposed 
framework. 

IV. CONCLUSION 
ASD interventions can only achieve limited success with a 

“one-size-fits-all” approach. Implementing adaptive RMBIs is 
key to utilizing the full potential of socially assistive robots in 
ASD interventions. The nature of the target disorder and the 
limitations of current robotic platforms can make this a difficult 
goal to achieve. However, a truly adaptive robot-based 
intervention framework cannot be implemented until standards 
specific to ASD are obtained and improved machine learning 
methods can make meaningful, real-time interactions a 
possibility. 
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