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Abstract

Personalizing Mixed Initiative Dance Interactions with a Socially-Aware Robot

In recent years, the field of Hum#&wobot Interaction (HRI) has seen tremendous
advancements in understanding how to design effective interactions between humans and
robots. One application of HRY in the use of Socially Assistive Bats (SARS) to design

interactions that aim to help people socially, emotionally, and cognitively through friendly

and helpful social behavior. These robots have become increasingly capable of providing
support in a nonber of applications such as educaéibtutoring, elderly care, and
interventions for Autism Spectrum Disorder (ASDj.particular, the application area of

ASD interventions offers many opportunities

well-being, social relationships, mental héakand general skill development.

This dissertation presents a body of work that seeks to understanding how to effectively
use assistive robots to design chitdbot interactions that can encourage physical activity
and promote social engagement in cheldiwith ASD. We conducted several user studies

to evaluatesome salient aspects of this application, including the design of a social
engagement model, tledfect of multiple robot roles within a dance interaction, dne
impact of personalization of robagole transitioning on physical activity and social
engagement. In doing so, we created a etulibt interaction design that implements
techniques used in ASD therapy, such as prompting, reinforcement, and timardkkay
social engagement modeltomoror a chi |l d’ s behavior al respo
unique paradigms of robot dance behaviors, an architedtursynthesize robot
choreograpies, and a musikgeneratiorplatform that coordinates musical outputiwiill

body movements. Lastlyye desgned the interaction asmaixed initiative interaction,

\



which is aflexible interaction strategy where humans and computer agents take initiative
to contribute to achieving a godlhe mixed initiative desigfacilitates the allocation of
robotroles such that the goal of sustaining child engagement is achiBvediecision
making strategy is implemented as a reinforcement learning problem that usealthe
world interaction experience tallocate robot rolesThis led to thedevelopnent ofa
PersonalizedRole Transitioningmodel hatdictatesthe transitions in robot roles so as to

personalize the interaction to the child’s ©b

The work presentedereinforms the design of a robaissisted dncebasel intervention
for children with ASD and contributes to a broader understanding of the role of

personalization irchild-robot interactions

Vi
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Figure 21. Sample timeseries plots of the changing engagement states for s
participants. The relihe shows thground truth labels determined by the hume
coding. The blue line shows the predictions madeur classifier.

Figure 22. Classifier accuracy for the test and validation datasets for the a) T
and b)ASD participam groups.

Figure 23. Sceneg$rom the user study for our sensory interaction showing the
participants a) following instruans from the robot), b) dancing with the rolmt,
guiding the robot, and d) waving at the robot.

Figure 24. An overviewof the control architecture for our largely autonomous
child-robot dance interaction. Our system implements a cycle where it sense
behavoral cues from a usenterprets these to determine user engagement,
decides a suitable role for the robot to assame, and then executes the selec
robot action.

Figure 25. The main system components in our dance interactiogrddshese
consist of the pose and facial expression analyzerpithe¢ss behavioral cues
from the user. The interaction events sequencer executes all thénsbejp
interaction design, within which the Rhased decision maker uses the behavic
datato determines the best robot action. The S2S network generatebohe r
dance sequences in the leader mode and the observed user pose data is us
directly to geate the follower mode robot movements and musical output. Th
pose mapper creates a mappihthe human poses for the robot body and the

robot controller communates all the received commands to the robot.
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Figure 26. The leasto-most prompt hierarchy used in ASD therapy: on the le
the hierarc used in a typical therapy scenario, and on the right isrtbeve
designed for our robedssisted dance interaction by taking the capabilities of
roba into consideration.

Figure 27. The graphical user interface we used to define the-foaseisic
mappings in thenusicorchestrator [207]. A breakdown of the action commant
that generates the music output is also shown, highlighting the instrument, n
note length, and melodsettings.

Figure 28. Visualizations of sample MFCC and pose inputs given to the LST!
encoderdecoder network that outfs dance sequences fbe robot in the leader
mode.

Figure 29. The LSTM encodedecoder architecture used to creatertimt
dances ideader role: a) the training encoeicoder network, b) the inference
encoderand c) the inference decoder.

Figure 30. A scene from a virtual session with our dancing robot through the
virtual expeiment framework.

Figure 31. Changes in the raw values of the engagement components under
singlerole and mixeerole designs, where a) shows the changes between the
leader role only vs. mixewble conditions, and b) shows the changes between
follower role only vs. mixedole conditions. P1, P2 and P3 are the three
participants from our user study (L: Leader, F. Rotto, M: Mixed).

Figure 32. Scenes depicting some important interaction events from our use!

study to evaluate the gjle-role versus mixedole designs. a) Participant shows
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fascination with the robot celebrations, and b) Parent uses the end of a turn
encourage verbal + sigmy skills in the participant. 127
Figure 33. The reinforcement learning framework used for robot action selec

in ourrobotassisted dance interaction. Every time an action is taken by tbie r

in this frameworka reward is yielded based on the changes in the observed
engagement state as a result of the robot action. 133
Figure 34. Preliminary Qlearning results based on the tests done with three
simulated users. The plots show the averaged reward for every simulation
timestep oer the couse of the 3 trials. Each trial lasts 30 timesteps and
corresponds to the behavior of a unigser interacting with the robot. Each ust
starts with one of the 3 user behavior types but at timestep = 15, the behavic
changes to a different typach useis also modeled to show deterministic anc
stochastic behaviors. As expected, the average ddiaadeterministic behaviors

is higher than that for stochastic behaviors. The learning process is also mo
robust to sudden changes at timestep inIase bthe deterministic behaviors. 140
Figure 35. Trends showing a) the frequency of occurrence of each robotale

b) thenumber of required prompts in each robot role within the interactions o
three péticipants. On average, the follower role occurs more frequently than
leader role, but also requires more prompting than the leader role actions. 147
Figure 36. A heatmap of a) the task engagement (physical activity) and b) th
overall engagement of the 3 participants acrogs skeesions. The task

engagemens generally high for all three participants and rarely dimgew 0.5.
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The engagement rarely drops below the halfway mark of 1.5, staying mostly
closer to the peak value of 3 for all three participants. 148
Figure 37. The observed emotional engagemenyémo), attentional engagemen
(engatt), taskengagemente(igiask), and overall engagnent éng) for Participant 2
spanning 82 dance interaction turns across their 7 sessionsdsaahn duration

is marked by the dotted vertical lines. The state values defined by our mode
marked horizontally oeach plot in green, blue, and yellofs showngngemo
frequently becomesegative, engait Shows mosthfully-engaged or semi-

engaged states, buéngiask remains consistently high, showing high levels of
physical activity throughout the sessions. The overgjlplot is a combination of

the tlree componentngemo, €Ngatt, and engtask. 149
Figure 38. Normalized distances between the original policy, @, the policy

output after every session for ttieee participants. The distance shows a

gererally increasing trend as the sessions increase indicating a policy evolut
more data is collected. 151

Figure39.Senes depicting the evidence

under gt @afditme foll ower role funct.i
attempti ggett ot he same musi cal patt
trying to markiec tthlreeirro bmpds an 156
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Chapter 1

Introduction

In recent years,he field of HumarRobot Interaction (HRI) has sedremendous
advancements in understanding how to design effective interactions between humans and
robots. These advancementsfalitated by theprogress made ia multitudeof research
domainssuch as cognitive modeling, affect recognition, percepti@thods natural
language processingjachine learning and artificial intelligend@ne application of HRI

is in the use of Socially Assistive Robots (SARS) to design interactimataim to help
people socially, emotionally, and cognitively through friendly and hefafaial behavior.

These robots have become increasingly capable of providing support in a number of
applications such as educational tutoring, elderly care, arventions for Atism

Spectrum Disorder (ASD).

In particular, the application area of ASDeantentions offers mangpportunities for a
positive i mpact o n-bang,sdcia relationshéps, memtalthealbhnaad we | |
general skill developmeng large body of pst research has provided evidence to support

the potential for SARs in efféive ASD intervention design, with the robots taking on the

roles of social actors, teachers, playmadesl, behavior eliciting agentamong otherdn

recentyears, HRI researdhmas demonstrated that rokassisted interventions can be very

impactful inimproving the quality of life of children with ASD. However, designing truly

effective ASD interventions remains an open question, with yet more work to béodone
developadeepe understanding of the needs of the target populatioryrate modeling of

engagement and affect in humath&objective measuregquired to monitor the complex



processes ofhild learningand longterm behaviorathangesand the diierent ways in

whichwe can fully leveragéhe benefits offered by SARs

This dissertation fo@es on the design of effective chgbot interactions (cHRI) to
deliver impactful ASD interventions for childreklore specifically, we explore ¢huse of

music and dance therapy methods through a ralssisted dance interaction framework
that is aimeat promoting physical activity and encouraging social engagement in children.
We also seek to explore different paradigms of robot behaviors witti@mce intexction

to offer diverse opportunities for engagement and physical activity. Finally, we develop
personalization strategy that enables the robot to adapt its behavior to different user

preferences in real time in an effort to sustain chilgagement.

1.1 Motivation

This section presents the motivation the proposed use of SARs to deliver a daresed
ASD intervention This works aims tobridge the gap between the demand for and
accessibility of ASD therapwith in-home solutionsdeliver effective musicand dance
based interventions throu@ARs, andcreat a personalized intervention frameworlkath

offersinteractions that areilored to the unique user needs.

1.1.1 In-Home Solutions for ASD Interventions

Providing care for a child wh ASD is ademanding and@hallenging role thatnay pose
stressors to the <car egi v eomnunicad welt amthieirt o t he
unpredictable behaviorgshich can be worsened by a lack of community understanding.

This can lead tadifficulties in selfcare burrout, psychological distresgnd even

decreased family cohesioAn autismdiagnosis can, thefi@e, impact the quality of life



of the family at large and particularly of the caregiver, where the stigma associated with
certain behaviors in ASD can evendet social isolation and severe mental health
challenges for the child, as well as their fgmiConsidering this risk, it become all the
more important for the child to receive therapy promptly and adequately to izertine
potential dangers by gettintpe necessary suppoithe financial burden of therapy is
another aspect to considghen assesng the impact on families. Even when families are
able to afford therapy services, restrictions can often take the fonsupénce restrictions

and limited &cess to trained professionals. It is not uncommon for children to experience

prolonged waitingperiods to receive diagnostic evaluation and therapy.

This means that SARs are perfectly situated to @ffétnvome solutios that can help meet

the high demandor autism care services. These interventions are designed to augment
therapy, not to replace altogether. They are also not meant to eliminate the need for
human therapists but rather to offer an additional toottoeae the goals of therapy. In

the @ses where access to a therapist is limited, -&a&tated ASD interventions also
offer suppot between therapy sessions rginforce the lessons learnt in therapy by
practicingwith the robot.In our work, we aim tdridge the gap between the demand for
and accessibility of autism care servibggroviding an interventioplatform for irhome

use.

1.1.2 Music and Dance Therapy with Socially Assistive Robots

Music plays an integral role in encouraging children to develop spontaneous self
expression, communidah, and interaction by offering an emotional and motivational
medium that can often be easier children to assimilate. Dance, too, is an innate means

of communication that provides a nwarbal medium of expressi@ndalso encourages



exploration and mcessoriented learningWhile these methods are popular in ASD
therapy, the use of SARs in plementing these techniques remains limitethe existing
body of researchrhis is not surprising given the challenges of-teaé motion synthesis

andfull-body motionrealizationwith arobot.

In our work, we target a dandxmsed interaction with aigedal, humanoid robot that
executes fulbody movementsiireal time. We also leverage the benefits of music therapy
to design musidriven interactions that niwate children to explore their body

movements.

1.1.3 Personalized ASD Interventions

Much of the exsting research utilizing SARs for ASD interventions offers limited
personalization, which is largely determined by a human conttbiémakes decisicat

runtime to adapt the robot behaviorsuser needsThe recent shift in focus hasdught
persondkation to the forefront oinnovation in HRI. This typically requires a running
assessment of t he given tast insresporse to differeabbot e i n
behaviors or actiondn its simplest applicatigrrobot actions that impree performance

are preferred and those that decrease performance become less likedglertasl.

Particularly for applications aimed at children with ASD, personalizatiorrobbt
behaviors becomesrucial becausethese children can experience vastly fterent
symptons and hence, have drastically different ne@dy.intervention system must have
the capability to detect these different circumstances and adapt the roboiotsehav

accordingly.



A large part of the personalization efforts has bagplied to educationabbots that help

children achieve their learning goals by providing tutorship on currichlased
educational content. This is a task watinherent structureral with its content organized

in terms of complexity and difficulty l@ls. In many cases, tlygiestions used to test the

learner have a definite correct answer as well, making it easier to assess the learning
process. In case of ASD interventions, howethez goal is typically related to social skill
acquisition or longem behavioral changevhe e t he measur ement of
process presents a different kind of a challehgeour work, we personalize a dance
interaction between a robot and a dhivhile measuringeveral behavioral and emotional

cues toestimate egagement.

1.2 Specific Aims

The following specific aimpresent the overarching research objectives of this research

1.2.1 Specific Aim 1: Design a multimodal model of social engagement and automate

the measurement of engagement state
We design a social engagement model based on muklirbetiavioral data to represent a
child’” s engagement st at dnsa usenstuéyne utiliretthesr act i on
model to evaluate a sensory statiateraction design that aims to help chdd with
hypersensitivities tackleeveryday sensory smulation. We then pogtrocess the
interaction datéghrough human codin evaluatehe childengagement states. Thereatfter,
we use the ground truth labelstaimed through the human coding athé behavioral
features extracted from the video recordinfishe interactions to train a Convolutional

Neural Networkin orderto obtain automated measurements of child engagement.



Hypothesis: We hypothesized that cbilen with ASD would show similar social
ergagement to the TD children based on the assessroenbtir multimodal engagement

model.

1.2.2 Specific Aim 2: Design and evaluate a dance-based interaction with a socially-

aware, multi-role robot
We design a dandeasel interaction between a child and a rothatt is aimed at promoting
physical activity and encwaging social engagement. The robot operates in two roles: as a
leader, it initiates dances, while as a follower, it mimics child movements. A segoence
sequace network is used to produce the robatak sequences in the leader role. In the
follower rde, changes in child body poses trigger musical patterns that offer an opportunity
for movement explorationVe incorporate several methods used in ASD thenayiiis
interaction design and conduct a&ustudy to evaluate the impact of multiple robogesol

on child engagement.

Hypothesis: We hypothesized that the children would show a higher level of engagement

with the robot in the mixedole mode as compared the singlerole mode.

1.2.3 Specific Aim 3: Personalize a mixed initiative dance interaction through
reinforcement learning and evaluate the impact of personalization on child
engagement

We formulated our dandeased interaction as a reinforcement learnirgdplem in order

to adapthe robot behaviors to different users through our Personalized Ruwlsifioning

(PeRT) model. The mixedhitiative design facilitates the allocation of roles such that the

goal of sustaining child engagemaatachieved. Wahen conduct a user study with



multiple interaction sessions to assess the impact of the perstioalgiaategy on child

engagement.

Hypothesis: We hypothesized that the chidghgagement will increase as the number of

their participation sessions increase.

1.3 Contributions
This dissertation makes the followingpntributions toadvance the understanding o

designing effective 8D interventions through SARs.

1. An in-person dance interaction platform, as well as a remeaction platform to
enable children with AD to interact with our robots from the comfort of their homes
Thisalso gives us the opportityto observe them in the real world rather than strctly
controlled laboratory settinght. also enables Hnome interventions to bridge the gap
betweerthe denand andheaccess to autism care services.

2. A largely automatedASD interaction that requiresninimal human control and
implements a system that can detect and respond to child engagement in real time
through multimodal behavioral datasat iscollectedentirely throughlive videcs.

3. A reaktime, interactive dancactivity with a humanoid, bpedalrobot that can both
initiate new dances and also mimic child movements at runimuming sothe robot
does not only “teach?” tshhechidhoitdadh thé mbotd ance L
hencegvaluatinghe largelyunexpbred paradigm of learninpy-teaching.The dance
interaction design also contributes a method to synthesize robot dances through a

sequencéo-sequenceleep neurahetwork trained on musand movement data



4. A reinforcement learningpased action selectigirategy to adaghe robotbehaviors
to implement dynamic leadéollower roles withn a childrobot interaction for

personalizedntervention

1.4 Outline

This dissertation is organized adldws:

1 Chapter 2 presents a comprehensive review of the research fields related to this
dissetation anddentifiesgaps in the available literature that motivate our work

1 Chapter 3 presents our design of a social engagement model and its prelimimary use
evalating a childrobot interaction scenario that is centered around the sensory
hyperseniivities in ASD.

1 Chapter 4 describes the design of a dance interaction with arolaltrobot and
evaluates the impact of the robot roles on child engagement.

1 Chapter5 discusses a reinforcement learabagsed action selection strategy that
personalizethe robot role transitioningithin the dance interaction, and then evaluates
the impact of the personalization on child engagement.

1 Chapter 6concludes this dgertation bypresennhg a set of design guidelines for
building effective dancéased interaadns with SARsS, detalthe grand challenges

that confront this fieldand outline some recommendations for future work.



Chapter 2

Background and Related Work

This section presents a comprehensive review of related research fields. We start with an
introduction of ASDand discus®/hy social robots have been found taalpemportant tool

in eliciting positive behaviors in children with ASD. Whreen discusthe useof music and
dance in ASD therapy that informs the design of our rgoaded dancéased
intervention. We als@onsider theobot roles in existing HRI designs for ASD and their
impact on achieving the intervention objectiviesportantly, we also includ a discussion

on user engagement modeling and the various combinations of physiological and
behavioral cues that have been used to gain an understandiegngdlex human
engagement state§hereafter, we introduce mixed initiative irdetions andletail the
various applications where this design has been implemdmastly, we also discusthe
personalization strategiethat areused in HRI to adapt robot behaviors to interaction

events, particularly within theontext of thenteractons designed for ¢liren with ASD.

1.1 Autism Spectrum Disorder

Autism Spectrum disorder is a neurodevelopmentdesl], symptoms of which usually
appear during the first ears of life and may be accompanied by other physical or
psychological disorderf?]. It is traditionally characterized by impairments in social

communication, social interactipand imagination abilitief3].

Impairments in social communication include difficultiespiocessing language, and in
interpreting facial expressions, body language and the tone efi¢hiChildren with ASD

also tend to focus oitéral meanings rathehan the underlying meanings of metaphors or



figures of speech used in communication. As a consequence of the impairment in social
interadions, children with ASD may often appear withdrawn and aloof. They tend to be
uncomfortable irsocial settings and cdrave problems forming deep social relationships.
This is a direct result of their inability to process emotions easily. Maintainingoeyact

can be particularly difficuftand * deci pher i ng’,whchinvalveste o mmuni c .
simultaneous use of riple communication channels including language and other social
cues (such as gestures, facial expressions, speech, body languages anaonlume and

tone, sarcasm and humor etc.) can be challenging. To avoid such overwhelming
interactions, theynay often retreat into their own world of familiarity and clarity, thus
appearing uninterested and rude to those around them. Deficitsabiliheto understand
abstract ideas and imagine situations outside the daily routine forrmplagments in

social imagination. These difficulties tend to confine a child to his own mind, not allowing
themto deal with any changes to routine. For thesmn, such children tend to engage in

rigid and repetitive activities arfohd it difficult to indulge in imaginative ointerpersonal

play [5].

Since thefirst description of ASDby Kanner [6], emotional chllenges including
difficulties in understanding emotions, facial expressions, and body language continue to
be emphasized as some of toee symptoms of ASI¥]. Difficulties in gaze and making

eye contactmaybeone of the earliest médastations of the developmental delay in ASD.
Gaze information is important in language development and may also be important for the
development of the Theory of Min{B][9], which is he cognitive capacity to attribute
mental states to oneself and others. In addition, diffesiltn social interactiaremain

one of the most complex challenges facing children with ABI}11]. While children

10



with ASD sill feel the need tdorm social bonds, their altered facial expressions, atypical
eye contact and body language, difficulties with engaging in a dialogue th#hsaand
sharing imaginative play, and general withdrawn appearances may often prevergdhis ne

from becoming appant.

ASD is a spectrum disorder meaning that every child diagnosed with ASD will likely
experience a unique combination of the variety 8DAsymptoms with different levels of

severity, which emphasizes the futility of a esieefits-all approach and nessitates that
therapy and interventions be tailored specif
forms one of the biggest umtigng challenges in designing effective solutions for ASD

and has been tackled with a wavdeaafhnological enhanogents in the recent past.

Importantly, sensory abnormalities aleoreported to be central to the autistic experience.
Anecdotal account$12][13] and clinical researctil4][15][16][17][18] both provide
evidencen support othisnotion Commonly reportedymptoms includéypersensitivity
hyposensitivity multichannel receptivity, processing difficulties and sensory overload. A
higher prevalence of unusual responses, particularly to tactile, ayditatyisual stimuli,

is «en in childen with ASD when compared to their typically developing (TD) and
developmentally delayed counterparts. The distress caused by some sensory atimuli ¢
cause seffnjurious and aggressive behaviors in children who may be unable to
communicate heir anguish[17]. Families also report that difficultiewith sensory
processing and integration can restrict participation in everyday activities, resulting in

social isolation for them and their chilti9][20].

11



1.2 ASD and Socially Assistive Robots

Over the lastwo decadesSARshave been widely employed as tools for complementing
conventional ASQtherapy and intervention methods. A number of differenhftactors
have been exploredrigure 1): anthropomorphicobots that resemble humans (such as
humanoid robots like Naf21][22][23], Darwin OP2[24][18] and Kaspa{25][26][27]),
nontanthropomorphic designs that include animaloids (such as K2gigeo], Paro[30]

and Pled31][32]), and several nehiomimetic designthatinclude toylike, mobile robots
(suchas Robal[33][34], Labal [35][36] and Pekeg37]). Each robot design offers its own
set of featurethatcan be advantageous in different @xts. For example, nelmomimetic
robots may be relatively less complicated to design with the simpler features dike toy
appearance helpful in encouraging play with children. -Blotmropomorphic animaloid
robas maybe perceived as cute and-ike, encouraging some social communication and
emotional exchange. Anthropomorphic humanoids are the most useful in mimicking more
complex, humailike communication andre, hence best suited to socially interactive

adiviti es that specifically target the comnmication and social skills of children with ASD.
The reasons for the effectiveness of robots in ASD intervention are manifold.

1. Communicating with robots is simpler: Human communication is complex. With
the simulaneoususe of speech, gestures, body lamgafacial expressions,
changes in tone and volume, humor, and sarcasm, all of which can possibly convey
conflicting information and senti ments,
often be overwhelming for hildren with ASD. On the contrary, robotsea
programmed to use simpler communication methods, like the use of basic

emotional expressiori88], clear gestures and simple wof@8][39][40][41][42].

12



Robots can repeat instructions and actions, making them the ideal interaction

partners for children with ASD who often seek repetition and predictability that the

Figure 1. Examples of socially assistive robot platforms with different form fa
Humanoids: a) Na¢21], b) OR2 [24], c¢) Kaspar R5. Animaloids: d) Paro B(Q], €) Keepo
[28] andf) Pleo [31]. Nonanthropomorphic: g) Peke&7], h) Labol [35] and i) Roball 33].

13



caregives may not always be able to providéerefore, children have been found

to form arelationship with these robots, one that is leveraged by researchers to
teach the children new skills that can be translated to real world experiences.
Robots are not intindiating: Socially assistive robots dygically smaller in size

than the children with whom they interact and are programmed for interactions that
are playful and enjoyable for the childrg88][40][42][43]. They can beolorful

and welcoming, with physitéeatures specifically designed for ASD interactions.
Therefore, children often perceive the robots as friendly playmates and quickly
develop a rapport with the robots.

Embodied interactions areogsible with robotsRobots have an advantage over
virtual characters and computer agents in that they enable embodied interactions
with the children. Their physical affordances allow for tactile exploration and
physical contact thare naturally more apgaling to a child. Rimots also support
multimodal interadgbns involving gestures, speech, facial expressions and touch,
which, in turn, allow a child to practice verbal communication, use visual cues and

experience tactile exploration of their interaction partner and envaonm

Socially assistive robots havedn used to target a number of common ASD symptoms

with applications includinggmotion expression and perception, education and language

development, understanding social cuesgiating friendly interactionsand encaraging

physical activity. Much of tis is achieved by engaging children in activities that facilitate

the elicitaton of target skills that form the key components of a social interaction. Among

others, these include imitatiojd4][45], eyecontact[46], turntaking [47], initiating

interactiong48], triadic interactionf28], joint attentior{49][50], visual perspedote taking
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[51][52] and emotional expressidb3][54]. In doing so, multiple roliaresponsibilities

have been explored as well that include:

1. a diagnostic agef5]: a robot that is equipped with sensors can measure and track
seveal key behavia, such as eye gazafperns, that araseful in ASD diagnosis
[56][57].

2. a social mediatoj37][58]: a obot teaches children various social skills with the
goal that children will then be able to generalize the learnt behavior to real world
social situations.

3. a behavior eliciting agent: a robot is usgitit certain target skills that akey in
navigatingsocial situations.

4. a friendly playmate[28][33][34][59]: play forms an integral
cognitive and social developmd®0] and phy activities with robots create safe,
enjoyable environments to encourage child partiaypati

5. a social actof61]: a robot enacts conteappropriate behaviors in specifiocial
situations to create opportunities for children to learn those behaviors in a

simplified setting.

Another important pepective to consider here is that of the caregiver and family of the
children with ASD. Prowing care for a child with ASD is ancredibly demanding and
challenging rolewith several previous studies repog high levels of stress in caregivers
[62][63][64][65][66]. Having a child diagnosed with ASD in the family can, therefore,
considerably impact the quality dife of the caregiver and/or othearhily members
[67][68][69]. Moreover, the stigmassociated with certain ASEpecific behaviors can

lead to the social isolation of the child as well as the faf@y{71][72] and the financial
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burden of the therapy sessions can often be impossible for a family to shoulder
[73][74][75]. Even when the cost of therapy can benagged, finding access to trained
professionals that specifically offer the required therapy can be a challenge, amel can
compounded by limitations resulting from insurance barriers and restri§fiohsrhese
reasons can often make formal therapy inaccessible for children with ASD andserepha
the need for irhome solutions or, at the very least, solutions that can facilitate a decrease
in the dependence on the therapidterefore, social robots are positidngerfectly to

fulfill this unmet demand for autism care services that can patisntie extended to at

home use.

1.3 Technologically Enhanced Interventions for Sensory Difficulties in ASD

Sensory abnormalities are remattto be central to the autistic erpace. Anecdotal
accounts[77][78] and clinical research79][80][81][82][83] both provide suffiient
evidence to support this notion. One study found that, in a sample size of 200, over 90%
of the children with ASD had sensory abnormiakt and showed symptoms in multiple

sensory processing domaiigg].

Though a significant numbef interventions developed in the past have addressed the core
symptoms of ASD, relatively fewer research efforts have targeted improvamsetsory
processing capabilities. The MEDIATE (Multisensory Environmentsi@e for an
Interface between Autigtiand Typical Expressiveness) project uses a +seitsory,
responsive environment designed to stimulate interaction and expression thisuejh vi
aural and vibrotactile mea84][85]. It is an adaptive environment that generates real

time stimuli sub that low functioning children with ASD, who have no verbal
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communication, &n get a chance to play, explore, d®creative in a controllable and

safe spacg86].

Several haptic interfaces have also been designed to facilitate therapy and provide non
invasive treatment alternativg87]. These use vibrotactile, pneumatic, and heat pump
actuation deices, designed to be worn on the amnist, leg and chest aref8]. These
devices simulate toudihroughcompressn, in orderto provide distributed pressure and
emphasize the importance of tactileeratctions for mental and emotional health. A
vibrotactile gamepad has alscebedesigned that allwusers to redee vibration patterns

on the gamepad as they play video gafB88% This vibrotactile feedback corresponds to

the events in the vidgame but rather than alleviating sensory difficulties, it is primarily
meant to convey emotions throughcombination of sounds and vdiron patterns in

attempt to enhanabe emotional competence of children with ASD.

In addition, awidely-studiedhumarid robot,Kaspar has also been equipped with tactile
sensors on its cheeks, torso, both arms, palms and at the back of the hands and fe
[90][91][92] to test whether appropriate physical social interactions can be taught to
children with ASD. It was showthat the robot, by providing approate feedback to
tactile contact from the children, such as exclaiming when pinohegtabbed by the

children, was able to train them to modulate the force they used while touchindg@2hers

Given the lack of robobased studies targeting sensory processing difficulties and the
mounting evidence emphasizing the need for sensory integratiow, work described in
Chapter3, we designed a cHRI scenariodddressthe sensory processing difficulsien

ASD.
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1.4 Music and Dance Therapies for ASD

Music has long been used in ASD therdp engage children and to encourage them to
develop spontaneous seltpression, communicatiprand interaction by offering an
emotiondand motivational medium that carter be easier for children to assimilate than
otherq93][94], therebyencouraging the acquisiti of target skills and behavid@5][96].
Improvisational music therapy is defined as the interactive use of live music for engaging
clients to meet their therapeutic ne¢dg]. The concept of musical attunement is central

to this methogwhereby a therapist improvises music that is in tune with and responsive to
thec hi | d’ s mumusicabekpresiom,ucmas rhythmic patterns of movement or
mustkcal play, to establish a common musical foundation between the child and the therapist
[97][98][99]. This synchronous use of music is often recognized by children, in which case
it further encourages participation in this form of creative recipy in musical play and
selfinitiation of interaction with the therapif®3]. In this manner, the use of music can
open a channel of communication between the tiwtrapd the childhatcan be leveraed

to elicit target behaviors and skills.

Danetherapy is a result of the embodiment approach to designing ASD interventions that
links the mind and the body into a functional wHal@0]. Embodiment approaches suggest

that nonverbal interaction components are at the heart of the ASD impairment and must be
addressedlirectly through the interventionsJsing as its basis the close relationship
between te body and feeling$101][102], and the connection between emotion and
cognition [103] and that between the body and cognitj@04][105], dance therapy
addresses the aspects of cognition and emotion in ASD intervention through aigottom

approach106]. Movement and dancing are innate means of communicgtihf[108]
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and provide a nowmerbal medium of expression to children with impaired verbal
communication. Due to the weak integration of awdsual perceptions with motor
activity, children with ASD typically experience an impaired bathage, wich is
describecby May et. alin[109]as “t he picture of our own
mi n dDaricetherapy utilizes music and mirroring to improve body image in children
with ASD by encowaging exploration and processentd learnind110]. Music is used

to improveattention and help with motor plamgj, while mirroring allows the child to
visualize how their body may appear while performing a movement as it is reflected by the

therapist.

These therapies provide an interesting insight into using thesenpootantmedia music
and dance/movemertb encourage key social behaviors in children with ASD. This forms
the motivation for the incorporation of the two media in this worhapters 4 and ®

enhance the impact of robassisted ASD interactions.

1.5 Dance-Based Child-Robot Interactions

Several HRIstudies in the past have explored the efficacy of incorporating dance
interactions in their designs for applications ranging from ASD therapy, to entertainment,
humanrobot trust assessment, and dance tutofteppera semihumanoid robot from
SoftbankRobotics, was used to design a dance interaction for sgeaay childrerf111],

targeting an assessmentofthd i | dr en’ s per cept i-ppogranomed t h e
dance sequences were implemented in group settings, where dinerchad already learnt

the dances irschool. No form of responsiveness to the user or interaction events was
implemented. A 3D pnted humanoid robot called Budfli12] was also designed to be

deployed in home enviraments, capable of performing a singteanually designed, and
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pre-programmed ballet dance sequence for children or the elderlyeowthe robot was
designed to serve as abot for health monitoring of the users, with entertainment being
the primaryuse case of the dance feature. Nonfalr validation of the usability or
effectiveness of these featammuld be found. Another serhumanoid robot with a mobile
base, called Maggie, was used to engage a user in partner dances (among other interaction
scerarios)[113]. The robot led the dances andultbrespond to tactile contact from the
user by changing movement directions. The interaction was not designed for chitaren,
was it formally validated with aser study, so its utility remains uncertain. Another semi
humanoid platform was also develdpéor applications as a dance tutor that could
progressively change the difficulty of the dance routine depending on thaacad the
user movemeritL14]. This was andter nontherapy application that was not intended for
use with children within a unidirectional teaching scenario whereotiaw pperateth the

role ofa leader

Nao, a bipedal humanoid robot platform from Softbank Robotics, was programmed to
perform mutiple dances targeting improvements in physical activity, whereby the children

were tasked to imitate the robot dance stapgal time[115]. Multiple basic dance steps

were déined, which were then combined tafio different dance routines for the children

to mimic. However, this experiment was done iWaardof-Oz setting, with a human
controller evaluating the child’”s imitation
give to the child. The responsivesesf the robot was also limited only to the verbal

feedback. Nao was also used in anotherysflid6] specifically targetinga dancebased

ASD intervention for children, in which a Dance Freeze game was implemented wherein

the robot and the child blo dance when the music plays dificeezé when the music is
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abruptly paused. Four dance sequences were manually designed-prajpaeymed into

the robot and no responsiveness to interaction events was implemented. Both control and
test groups were usauthis study and survey responseasirthe children and their parents

were used to evaluate the impact of the interaction on ehighgementmitation, and

energy level of the dances. Pastalysis of the video recordings of the experiments were
also ugd to derive quantitative resulis.was found that the TD children showed more
engagement and imitations of their dance partrear the ASD childrerThis was the only

study we found that directly implemented dance therapy as a part of their ASDrititarve
design and conducted a userdstiio validate it as well. The focus, however, was limited

to a unidirectional approach whettee robot operated only in one role and could not

generate any contingent responses to the changing user behaviors.

Within the animaloid form factor, dance intetimns were designed using Pl&d], Aibo

[117] and Keepor[118]. The interaction design for Pleo specifically targeted therapy,
though it was not formally evaluated with a user study. An instructor gueldrogram

the robot one bog part at a timgby using a combinain of tactile and visual sensing,

with the option of correcting the programmed steps before combining them for a complete
dance sequence. For Aibo, some basic dance steps were manugtedieahich were

then randomy} combined to form multiple dance sempces. Keepon was used in a
generalized dance interaction with children where its movements were controlled by a
rhythmbased software. A posinalysis of the video recordings of the iamions was
conducted to findhat the synchronization of the damoeves to the music had a positive

impact on the total interaction time and dance responses. An important feature in all three
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of these robots was the ability to match their dance moviee tbeat of the music, which

added to the expressivity and meanuriggss of the dance output.

Based on this review of related past work, several gaps can be identified including:

1. a lack of automation resulting in heavy dependence on human controlletanput
createreal time responseness and interactiviip a humarrobot interaction

2. asmall library of robot dances withgeneral lack of variety as a result of manual
choreography design,

3. no or limited ability of the robot dynamically generate relevaahavioral
responses to changesuser behavior or the environment,

4. alimited use of bipedal humanoid robots for executing dynamically generated, full
body dances, and

5. alack of ASDspecific interaction scenarios with a deliberate incorporation of the

principles and constructs of foririaerapy.

These factors were usedmdorm the dancdased interaction design presented in this work
in Chapters 4 and,which addresses all the problem areas identified above in order to

develop a more effective and sobyahteractive dance intervaoh for children with ASD.

1.6 Robot Roles in Child-Robot Interactions

Since autism is a spectrum disorder, redstisted interventions are typically designed to
target various symptomthat arecommonly experienced by individgalwith ASD.
However, most cHRinteraction designs use the robotlie roles of a teacher, instructor,
demonstrator, or behavior model etc., where the primary use of the robot is to teach a skill

or behavior without taking any feedback from the userrtiat impact its own behavior.
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In this sensdt is a unidirectionainteraction since the robot mainly teaches and the child
mainly learns. There are not many available interaction scenarios in the literature where

the child takes control of the interactiand the robot learns from time

For example, in attempt to teaadcgl skills to children, the robot may be used as a social
actor to demonstrate the skill, thereafter, prompting the child to replicate that behavior
[119][120][121][122][23]. The robot may also be used to discourage negative behaviors in
a dild, in which case it gives negative feedback to the child upon detecting the said
behavioff123]. Inbothca es, t he emphasis is on changing t
the appropriate skill or behaori It is uncommorfor the robot behaviaio be controlled by

the child such that the child may teach an appropriate behavior to the antidh the
procesf teaching,alsolearnthe behaviothemselvesEven if this dichotomy of robot
roles is implemeted, it is likely not to be incorporated into a single activity where the child
and the robot engage in a naturalistic, reciprocal peer interaction, sutiotthantities

have the opportunity to model learnt skills to each other. Making this possiplemqare

a more complex design, possibly incorporating functionalities such as activity recognition,

social perception, and memory, as well as the capatoligxecute new skills in real time.

A large variety of other intervention targets can also badan the literature, including

(but not exhaustively) improvements in tolerance to tactile corjeé®t], emotion
interpretatio{124], object identification skif (such as vehicles and animdl)4][121],
understanding social context from storytelling [56], vocabulary building and other learning
goals[121], teaching everyday activities (such as personal hygiene and eating food etc.)
[125], and improving problem solving skills through garfie26]. The common theme in

all these scenarios is the use of the robot primarily in the role of a teacher. A notable
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exception, however, is the applica of robots as tutors for children where they may ac
as a tutor, a tutee or both27][128]. Findings from these studies fapt the use of the
robots in mixed roles in order talfy leverage their capacity to help children achieve their

learning goals.

We used the lack of bidirectional learning scenarios in cHRI for ASD interventions to
inform the work presenteth Chapter 4 which explores the paradigm of learnibg

teachingsuch that the robot can both lead and follow the child as their dance partner.

1.7 User Engagement Modeling

Creating a model fahe userstatein an HRI scenario provides th@ontext that isequired

for the robot to generate an appropriate response in the interaction. The robot behavior
must be meaningful and responsive todtients of the interaction, which includeanges

in human behaviorTherefore, thee is a strong relationship between tiodot acton

selection process and the detected ste.

The key question here is, what comprises the user state model? The answer is dependent

on a multitude of factors, includingut not limited to the nature of the interaction, its

goals, the setting which it takes place, the constraints imposed by the target user, and the
available sensorgsenerally in the literature the user state typically encompasses

estimation of thanternal user state, such as their attention, engageneemtiors, and

stress and a representation of the wuser’”s prog

centers around.

In one studychildren playdchess with a robot companifi?9], where the user stateas

modeled as a combination of expressivavesbad user behavior (eye gaze and smiling)
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and contextual information (game state and the affective response of the robot) to represent
the performance of the uséxnother study considered a multiuser HRI scenario where
multiple elderly individualsinteractedas a groupvith a robotic coach systethat ained

to improve their mobility[130]. Once again, a combination of explicit (gestures and
speech) and implicit (eye gaze and affect) engagement measures ilize watform a
multimodal representation of the user st&nilarly, another work that used a robot to
assist a user with a cognitive task related to working memory and sequgt&ihglso
based the awon selection for the robot on both task performafssguence length and
previous resultand task engagemefeiectroencephalogram (EEGHnother robot tutor
study [132] represented the user state as a combinatioaxpficit measuresgame
performancgandimplicit measures comprisinigaturesto representhe internal statef

the usel(fadal and body posand audio featurgs

These efforts informed our sign decisions for the current wodlescribed in Chapter. 4
However, due to the breakout of a global pandemic, we atsodimited by our inability

to conduct orsite humarsubject studiesThis meant that no physiological sensors could

be usedand all he user state estimations had to be derived entirely from the video meetings

that were held to conduct the study in a virtual setting.

1.8 Automated Engagement Measurement

Sever& studies in the past have contributed to this area of research with each method
typically varying in terms of the feature set, number of engagement classes and
computational model that were used, as well as the demographics of the participants from
whom the data were collecte@ne study{133] showed e feasibility of utilizing low

level behavioral features in the absence of ateurmhlevel features, and used a two
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stage approach to first find hidden structures in the data (using Hidden Conditional Random
Fields) and then learn them through a Supy@ector Machine (SVM). Onlyhehead pose
orientation estimates were used toegssengagement and the approach was evaluated by
conducting experiments on labeled child interaction data faamultimodal behavior

datase{134], obtaining an accuracy of around 70%.

For another study135], the authorsdesigned an engagement predictsystem that
utilized only the prosodic featuruetwedof a
interaction between a child and a psychologist. Three engagement classes and two levels
of prosodic features (local for shaerm and global for taswide patterns) were defined.

The system achieved an unweighted average recall of 55.8%, whdresthclassification

results were obtained by using an SVM that utilized both categories of the prosodic
features. Anothestudy [136] used several verbal and nweerbal behaviodafeatures,
including nodding, eye gaze, laughing and verbal backchannels. The authors collected their
own dataset comprising audio and video recordings based nuersational scenarios
between a human user and a humanoid robot, while human annotatadggiabels to
establish ground truth. A Bayesian binary classifier was used to classify the user as engaged

or not engaged and obtained an area under the precgiall curve(AUC) score of 0.62.

In anotherwork [129], a video system wateveloped for measuring engagement in patients
with dementia, which uskedeep learnindgpased computer vision algorithms to evaluate
their engagement in an activity provide behavior analytics based on facial expression
and gaze analysis. Ground truthsaextracted through scoring performed by human

annotators by classifying engagement states in terms of attention and attitude.
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A study that tested their systemtbie ASD populatiorfl37] used a combination of static
(focus of attention, head sility and body posture stability) and dynamic (joaitention,
synchrony, and imitation) metrics within two distinct use casbssencluded the robot
attemping to learn the colors in its environment with the help dfuanan anceliciting
joint attenton from participating children with ASD. The featungsre extracted using

histogram heatmaps and clustered using timdans algorithm.

Ourwork in Chapter Jresents a social engagement prediction sysieradspecifically

at children.We wanted our interaction design to not be strictly structured in ¢doder
encourage naturalistic and unguided cindbot interactions during data collection. For our
goal to automate the engagement measurement process, weialed our methodology
to be interaction scenarindependent such that the same mettmddeasly be extended
to anygivencHRI scenario. In additiorgur goal was also to obtamunique modelor

every individual participant to ensure personalieagagemenpredictions.

1.9 Mixed Initiative Interactions

A mixedinitiative interaction (Mll) is a flexdle interaction strategy between multiple
agentghumans, computers or roboteat supports a natural interleaving of contributions
from the agents such thatcommon goal can be achieved more efficie[#B88]. When
one agent takes the initiative, it beconmesharge of the interaction, while the other agents
play supporting roles. The ageugnamicallyadapt their interaction stydéased on their

current abilitiesn order to step closer and closer to acing the common goal 39].

Central to a successfMlll design is the concept of joint activity, which is described as the

working together of individuals to solve a mutual problem. In order to do this, all the
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participating agents imaMil must have a common understanding of the activity, its goals,
the setting, and the nature of the roles they can play. This depanithe perception and
interpretation ofdynamically evolvingintentions,attention, andcapabilities based on
which decisions can be madegaedingwho may take initiative at a given timeNhile

doing so for the robat agent isa relatively simpletask the real challenge is to gain an
accurate reafime understanding of the changing engagement or abilities of the human
participant [96-97]. Therefore,this necessitates thigackng and intepretation of all

relevantsignals thamay provide insights into theuman mentabr engagement state.

One of the earliest applications thie MIl designwasconversational agentashere each

agent participating in a dialog can take the initiative to gaidenversation as required
[139]. The idea that an automated conversational agent can both take initiative and allow a
human to take conversational initiative enriches the ovesaderience and makes the

conversation more effective and natural.

In HRI, MII designs have been utilized in search and rescue scen@amiddll plan was

used to design a control system for all HRI activiteesontinuously coordinate, integrate,

and monior the operator interventions and decisions within the constraints arglagjoal

the search and rescue missifi®0]. Another study applied the MIl design tom a
experimental scenario where the robot and human must collaborate to fight fires while
facing hazardq141], and modded user states with a combination physiological

measuresgincluding cardiac activityandeyetracking andthe actions othe human.

Additionally, MIl has also beeapplied to the education domain within intelligent tutoring
systemg128]. A dialog agent usingeMlIl design was developed to assist college students

in learning Computer Science concepts, where the agent behaved either as less
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knowledgeable or more knowledgeable than the stumlehshifted initiative by tracking
the knowledge and initiativeaking history of the student. A rulmsed strategy was

implemented to determine how to shift task initiative.

This particularwork reserbles ourMIl approactdescribed in Chapterif that tre agent

has multiple roledbut is different in two important ways: 1In this work, arule-based
method determines the task initiative allocation for all students whereas we have
implemented an initiate allocation method that is personalized to everyiddal user

of our systemand 2) This system uses a dialog agent to achieve academic learning goals
for older students whereas we emphasize on collaborative play and social engagement of

children ina dancebased interaction with a robot.

1.10  Personalization of Child-Robot Interactions for ASD

Personalization of a chibbot interaction is essential for delivering impactful ASD
interventions.This is especially true becayses previously statedhe target user§.e.
children with ASD have many diverse drunique symptoms, experiencasd ways of
expressing their cognitivaffective statesThis heterogeneity demands a solution that is
tailored to the individual needs of each user rather #harallpurpose, standardized

strategy.

In the available literatre, some studies have looked to achieve this by personalizing the
robot perception model of affeft32], but most have emphasized the personalization of
robotaction selectiofl126][142][143][131][144]. Among these, robot tutors appear to be

the most popular application domain for personalized HRI strategies. This can be attributed

to the presence aftructure in curriculunabased teaching, where the learningteatican
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be easilyorganized in terms of level of difficultypence providing objectives measures for
tracking user performance. This also provides a definitive goal for the cHRI scenario,
which is to progressively increase the learning until all the ilegroontent has been
mastered. Additionally, in most of theeapplications, theubject mattecontains questions

t hat have “corr ect ” mahenmajrdasesteashjng raaserial. Bvent h e
when other learning scenarios are ugedgexamplestrategygames, the advantageta

well-structured activit remain relevant.

However, br our work described in Chapter, 3he interaction scenario is unlike the
structured settings described above. This was chosen as such becaysal dieour
interadion designwas not educational but rather socmlgoalthat aimed athe learning
of importantsocial behaviors from collaborative ptagsed activities that more closely

resemble realorld social activities with peers.

1.11  Summary

In this section, we reeived the existing research that is relevant to our workrtisithe
personalization ofnteractions with a multirole robot dance partner. We established the
need for robotssisted interventions for ASD, considered the utility of multirole robots,
and revewedthe existing dancédased cHRI scenarios, as well M8 approaches and
personalization strategie@mmonly usedn HRI. In addition, we also identified gaps in
the availableliterature that motivate our work and set the stage for the following ceapter
wherewe will refer to the conclusions drawn from thessiews todemonstrate the

contributions of our work.
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Chapter 3

Modeling Social Engagement in a Child Robot Interaction”

Social engagement of a child is an indicator of their socioemotional andicegtates. It

is the interaction of a child with tlevironment in a contextually appropriate manner and
reflects a complex internal state that signifies the occupation of the child with a person or
a task. Children with ASD are often reported to Iadcial engagement, which may
manifest as short attentiospans, lack of interest in social activities, and infrequent
interaction with peers, resulting in social isolation and subsequent mental health
challengesln addition, sensory abnormalities areoalsported to be central to the autistic
experience. Anaotal account§/7][78] and clinical researc[v9][80][81][82][83] both
provide sufficient evidence to support this notion. Interventions to address sensory
processing difficulties are among the services most often requespeatdnts of children

with ASD [145][146].

In this chapter, weresenta social engagement model wevelopedto represent the
evolving engagement of a child in a social interaction. We designed an interaction scenario
centered around the sensory hypersensitiyitiesch presents a platform for the robot and
child to have shared sensory experiences.théadescribe the robot platforms that we

used for this cHRI scenario, tha&apabilities for emotional expressivity, and the control

" Portions of this chapter were originally published as:

1 Javed, H., Burns, R., Jeon, M., Howard, A. M., & Park, C. H. (2019). A robotic framework to
facilitate sensory experiences for children with autism spectrum disorder: Amioiaety
study.ACM Transadbns on HumasRobot Interaction (THRJ)9(1), 1-26.

1 Javed, H., Lee, W., & Park, C. H. (2020). Towardaatomatedmeasure obocial engagement for
children with Autism Spectrum DisordefA personalized computational modeling
approah. Frontiers inRobotics and Al7, 43.

1 Javed, H., & Park, C. H. (2019). Interactions with an empathetic agent: Regulating emotions and
improving engagement in autistEEE Robotics & Automation Magazir#6(2), 4048.
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framework that wadevelopedo gperate the robots. We also discastengththe sensory
interaction design that servesthe context within which the cHRlconducted. Moreover,

we also describe the process of derivarguantitative engagement trie by using human
coders to annotatedeo recordings of the cHRI sessions. We then coraluser study to
validate our inteaction design anglain a convolutional neural network (CNN) to automate

the engagement classification process. The results of the user study as well as the
automatectlassification are then presented, followed by a discussitimedindings and

theirimplicationsfor our dance interaction design presented in Chapter 4

3.1 Introduction

Social engagement is frequently reported to be deficient in childreiA®Eh This means

that children interact with their peers infrequently, thus preventing the fornudtiasting

and meaningful social relationships and resulting in social withdravtdse children
often feel isolated from or rejected by peers and are more likely to develop behavioral
problemg147], as well as anxiety and depressj@48][149]. Social isolation from peers
prevents the formation of social relationships, which are essewtiakdrly social

development

In terms of social behavior, children with ASD often lack the ability for joint engagement,
meaning that they find it difficult to coordinate their actions with that of another child in
social situations such as joint playtin@@ompared to theifD peers children with ASD

are reportedo have a preference for solitary, asocial play irnthe playgrounds, or games

that involve low social engagement such as-taking game$150][151][152].
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In regard to sensory processing isswsdies have found th@0% ofthe children with

ASD had sensory abnormalities and showed symptonmauhiple sensory processing
domains[80]. The symptoms include hyposensitivity, hypersensitivity, multichannel
receptivity, processing difficulties and sensory overldagarticular,unusual responses

to tactile, auditory, and visualisuli are reported. These sensory exgecing can be so
overwhelming that in extreme cases, these may even salisgjurious and aggressive
behaviors[82]. The impact on the family, in many cases, can also be severe with

restrictions isocialactivities leading to isolatiof153][154][155].

These findings point to the need for interventions that tiadse factors into account and
focus on the usef collaborative acts, conversations, and shared actidaskte sensory
difficulties andlack of social engagememmbundin children with ASD.Theseinform our
choice of cHRI scenario for this research veheve emphasized on the use of rohots
ways that prompt active participation, shared experiences, collaboyatimhtweway-

learning between the children and the robots.

3.2 Evaluating User Engagement in a Sensory Activity

This section presents an overvi@ivour sensory interaction design where we @eat
multiple sensory stations to evaluatieild engagemendluring aninteracton with our
robots. We used two different robots in this work, a humanoid and-auraanoid robot.
We recorded videos of the childke n’ s i smahdéhenacaentductedra peandysis of
these recordingswhere the human codey annotated the videos tmark key social

behaviors that contribute to our engagement modeéreafter, & usal the labels

generated by the human codingtotrainaCNbltoas si fy t he céeémehtdr en’

to eliminate the need fadditionalhuman coahg.
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3.2.1 System Overview

We set up our sensory statsmn a tabletop along with the robots that navigated the stations
one by oneWe controlled e robots remtely through their own individual interfacéhe
humanoidrobotwas controlled via Bluetooth through a custdesigned user interface on

an Android tabletRigure 2a). To remotely control the nehumanoid robot with greater
flexibility, a clientserver architecturevas implementedhat allowed for appropriate

responses to reéime interaction events throughe manualintervention ofa human
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Figure 2. We built two graphical usenterfaces to control our robot platforms during the st
a) for the humanoid robot and b) foreaimorrhumanoid robot.
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controller Thisgraphical user interface (GUI) wamplemented in Java and wiiggered

oncetheserverestablished aonnection with th@on-humanoidrobot Figure 2b).

Based on the selected actiosach robot executed routine that included physical
movements and speech fére humanoid,and animatd emotional expressions and
physical movements féhe nonhumanoid robotControl for both robots was implemedt

in such a way so as to ensure that relevant robot behaviors could be manually selected in

realtimeto adapt the robot behaviors as needed

3.2.2 Robot Platforms

For the interaction targeting sensory processing skills in A&B,employed different
robotic gatforms EFigure 3): a humanoid robotalled Mini (from Robotis) and an iPed
based robot called Romo (from Romotive). Both robots were chosen for their small size
(making them suitable for use with younger children), mobility, emotional expression

capabilties and ease of control.

Since Mini communicated through gestures and speeckpiitsnunication resemhde

natural humathuman communication. Romo, on the other hand, used relatively primitive

7.70in

VREME -
e

Figure 3. The robot platforms we utilized for the user study: Mini, the humanoid robot,
left, and Romo, the nemumanoid robot, on the right.
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means of communication such as facial expressions, sountisetied movements
facilitated by the treads on which the iPod was mounted. Theydf@eaeactions from
Romo camsisted of explicit emotional expressions joined one after another to form
meaningful responses, whereas Mini could express its responsesgha&niwithout
acting out explicit emotions. Both robots were programmed for befshvautines specific

to the sensory interaction context, in addition to individual emotional expresaiohs

navigational features.

3.2.3 Designing Emotionally Expressive Agents

The original Romo, developed by Romotive, came with a blue, melilstecharacter
capable of articulating emotion through the display of a variety of facial expressions. To
gain full control of the systemye designe@ custom character and softwaranfiework

and replacedhe monster with a penguin charactéte incorporated the following ASD

friendly design principles

. Any verbal expressions must be kept simple and short

. Avoid using complex, patterned background images

. Avoid horizontal scrolbars

. Background music must be avoided whenever possiblénionize distractions
. Minimize the use of flashing or moving content

. Use a simple spatial layout, with minimal information display on the screen

The color palette for the design of thexcdcter were also carefully considered with a focus

on muted clors in order to minimize the possibility of any discomfort caused to a child
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with ASD. The next step was to determareappropriate color for each emotion. A set of

14 emotions was selecteglach represented a variation in intensity level for the 6 basic

emotions (anger, disgust, fear, happineashessand sur pri se) . For exam
“happy” and “excited” represented progressi v

emotion. Asuitable emotioftolor mapping was determined using the ematmor wheel

[156] and is reflected in the emotion designs showRigure 4.

To design the facial expressions of the penguin charaoteused as inspiration several
samples from Boardmak¢t57], which is a collection of standardized picture symbols
commonly used in AB therapy with children who are strong visual leasnBased on

these sample emotion cards and inputs from several parents of children withwASD,
designedhe expression design layer of the penguin character to consist of 4 distinct layers:
text (statig the name of the emotion), emotional expressiooge fatructure and
background. The 14 emotional expressions were designed in accordance with these
methods and are depictedRigure 4. Animations of each of these expressions were also

generated for a me meaningfulnd impactfukexpression of emotionatated158][159].

Text Emotion/ Face/Body Background

R feoleoleokokslooks

ressiu
h
1 1 ! | J | |
Excited ' Frustrated Wan

)

1t

eofestestesfesiesles

1 ¢ ! 1 1 |
0 0V

\!

Figure 4. The design process for the emotional expressions of the penguin character fc
showing a) the character design layers, and b) the resultant emotional expressions.
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Romooriginally came mounted oneads that allowed it to execute physical movements
includingtheiPod tilt angleforward and backwarchovementas well as théeft and right
turn-atanangle motions. The original motion control schenas retained, as illustrated

in Figure 5a, butwe modified the motion primitive design to incorporate some emotion
variations and sound effects. In this manner, each robot behavior consisted of 3 basic
components: movement, emotion (facial expressiam) sound effects. The movements
were designed based arspatial mapping of motion primitives to emotion states derived
from the 2D mapping of affedtom Larsen et. a[160], asillustrated inFigure 5b. A
mapping of the selected emé ons was al so identified on
(Figure 5c) [161]. These mappings provided logical associations between robotic
movements and emotisnwhile reinforcing social and emotional engagemewotidh the

physical movement stimulus from the rolb$2].

For Mini the same set of design ruleasappliedwhereverelevant. The same emotions
were utilized but displayed, in this case, throughube of gestures, sounds and spoken
words. Due to these relatively advanced communication capabilities, the emotional
expression design for Mini was inspired by human exgwas of sentiment in everyday

life. Four of its emotional expressions are showRigure 6 starting withdizzy (holding

its head and spinning in a circle), happy (dancing), scared (taken aback and covering its

eyes) and frustration (falling down and banggits hands on the floor).

3.2.4 Sensory Station Interaction
In this section, we dedbe the design details of our cHRI scenario. We first discuss the

design considerations that are important to note when creating aguitdet! interaction
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for sensory proasing difficulties. Thereafter, we describe the sensory station setup and

the roba behaviors at each station.
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Figure 5. Our emotiorrelevant motion design iféhe penguin robot, Romo, showing a)
control scheme for the turn angles, b) thapping of motion primitives on the spatial dor
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39



¢ 00 O RO

Figure 6. Emotionalexpression design for our humanoid robot, Mini, thrc
gestures and physical movements: a) dizzy, b) happy, c) scared,

frustrated.

Design ConsiderationdVhen creating a cHRI, it is important to take into account some

key desigrfactors. These pertain to the appeal of the interaction, the purpose of the activity,

capabilities of the robots and the lintitans imposed byhe sensitivities of the children

toward the sensory stimulatiomable 1 summarizes these design considerations.

Table 1. Design considrations for our sensory statidmased chileérobot interaction scenario.

Design
consideration

Description

Choice of robots

The robots must not be too large in size in order to preékenhildrenfrom being
intimidated by them. They must also t&pable of expressing emotions throu
different modalities such as facial expressions, gestaresspeech. The robo
must also be friendly in order te able tdorm a rapport with the children.

Apped of the
interaction

The activity beinpc onduct ed must al so be at
through the interaction. This implies that the duration of the activity mus
appropriately set, and the content must be appealing to the children.

Choiceof scenarios
for sensory
stimulation

The sensory station scenarios must be designed to be relatable to the childr
that they are able to draw the connection between the stimulation presentet
robots and that experienced by them in their evaryives.

Interpretability of
robot ations

The robot actions must be simple and easy to understand for children
targeed age range. The gestures, speech, facial expressioddody languag:
must be combined to form meaningful and easily inttgile behaviors.

Choice ofemotions
expressed by robots

The emotion library of the robots must be large enough to effectively ca
different reactions to the stimulation but also simple enough to be ¢
understood by the children.
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To address these concerns, two small robots (Romo and Mini) were chosen for use with
younger children who were the target users. In general, the aeti@#tydesigned to last
between 810 minutes per robot, unless the children required or specifiaakgd for
certain actions to be4merformed, in which case it could take longer. The interactions were
also designed to be interactive, with the robot diyexdressing the clairen and explicitly
requesting their participation. In this manner, the activity was inclusive of the children and
ensured that they sharedetBensory experiensewith the robots instead of merely

obsening them.

The station scenars used in this intecsion were inspired by everyday experiences, in
order to expose the child to common sensory stimuli, some indirectly (from observing the
robots) and some directly (when robots explicitly ask for the dhilthke actioh The

stimuli weredesigned to be @galing and not overwhelming for the children. However, it
was ensured that immediate adjustments to modify the stimuli were possible in case a child
had a lower threshold for sensory stimulation than estimated. For example, the wblum

the music could®lowered, and the direction of the light beam could be chatgadime

as required.

The actions of the robots were also designed to depict simple but meaningful behaviors,
combining all available modalities of emotional expressguch asnovement, speech

and facial expressions. The responses of the robots were designed to be expressive, clear
and straightforward so as to facilitate interpretation in the context of the scenario being

presented at the given sensory station. Meoee, the obots were also equipped with an

41



emotion library that offered a variety of emotions that were simple yet expressive so as to

be appropriate for use with young children.

Sensory Stations and Setufhe setup was composed of six different statipnssenting

unique scenarios to stimulate each of the visual, auditory, olfactory, gustatdriactile
senses. The stations were arranged in a fixed sequence: 1) Seeing Station, 2) Hearing
Station, 3) Smelling Station, 4) Tasting Station, 5) Touchimyddt, and 6) Celebration
Station. These stations were set dalaetop, 30 inches wide and 60 inches long, placed

in the middle of a room. The distances between the stations were as depidtpadary.

Children with ASD often exhibit atypical visubéhavior in attempt to either avoid visual
input or to seek additional visual stimuli. Therefore, it is common to find them covering
their eyeswhen encounterinright lights or twistingtheir fingers in front of their eyes

[83]. At the Seeing Station, the visual stimulus was created by placing a flashlight inside a
lidded box constructeftom a LEGO Mndstorm EV3 kit{163]. The front side of the box

had an IR sensor that opened the lid when it detected movement in its proximity and the
flashlight directed a bright beam of light in the direction of the approaching robot. This

formed tte visual stinulus at this station.

Seeing Station

R M b

H > 2
HearingStation / Snelling Station = K Tasting Station

|
Figure 7. Station setup in our sensory chiiobot interaction design.
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Atypical processing of audio stimuli is seen to manifest in the form of unusual behavioral
responses commonly observed in children on the autism spe@@nThese behaviors
include covering of theags to seemigly benign soundsuch as from the vacuum cleaner

and the blender. Furthermore, if affected individuals learn to avoid the auditory input that
they perceive as unpleasantmay curtail the learning that comes from listening to the
sounds fo m o0 n e roraneng88)v To addresshis problem, a Hearing Station was
designed to provide aruditory stimudus in the form of music played by a Bluetooth
speaker. For t hi s[l6d]wasdsed as ¢heerfud daace rdusic t® ha&en a ”

up the auditory stimulus.

Though olfactory sensitivity in ASD has not been as widely researched, sigbstant
anecdotakvidence supports heightened olfactory perception in individuals with ASD. An
example includes accounts of individuals with ASD refusing to walk on grass because they
find the smell overpowerinfy8]. Experimental reports also suggest heightened olfaction

in ASD individuals[165]. In attempt to enable such individuals to become accustomed to
smells they are likely to encounter regularly but find overwhelming, a Smelling Station
was designed to provide alftory stimulis in the form of scented artificial flowers inside

a flowerpot. The scent could be modified on a dasease basis.

A widely reported attribute of ASD behavior is selective dietary h§b@8][167], which

can directly impacthe nutritional intake in growing children. Factors such as smell,
texture, olor, and temperature can all contribute to food selectivity. The Tasting Station
was designed to encourage diversity in food preferences by presenting a variety of food

options.It had two small plastic plates with two different food items that coulddméfied
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to match every child’”s |Iikes and dislikes.

station.

Tactile sensitivity is also commonly reported as a symptom of A&bBlerance of certain
textures and aversion to certain fabrics is commoniyndd®2][168], in addition to
overreactions to cold, heat, itches or even being touched by other p&jf1€9][170].
Therefore, to encourage tolerance of various textures, a soft red biankatbow! of sand

(with golden stars hideh inside it) were used as the tactile stimuli at the Touching Station.

Sensoy Station ActivityThe sensory scenarios used in this study were designed to closely
resemble situations that children would encounter frequently in their everyday lives, hence
making them relatable and easy to interpféiis study sought to assess #i#ity of the

robots to elicit sociemotional engagement from childranthin a sensory interaction
setting [171]. The robotswere usedto demonstrate socially acceptable responses to
stimulation in orderto encourage chdren to become more receptive to a variety of sensory
experiences, as well as to effectively communicate their feelings if fjegierces cause
themdiscomfort. Ags clear from the description of the actions of the robots at each sensory
station inTable 2, the activity was designed to be interactive, with the robots sharing the
sensory experience with the children in order tstan their engagement. The stations

were arranged iafixed sequence for every sessi@igure 7).

The robots shoed both positive and negative responses at some dahgory stations
with the aim of demonstrating to the children how to communicaiteféiedings even when
experiencing discomforting or unfavorable sensory stimulation, instead of allowing the

negativeexperience to escalate into a tantrum or meltdown. These negative reactions were
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Table 2. Detailed descriptionsf the robot behaviors at the sensory stations.

Romo Mini
Greeting/Introduction
[ waves] “Hell o! My ame is Mini What's your
[No introduction] [ with gestures] “lt’s nice to meet you. |t |
going to happen around this ntaozgee.t hLeert.’ sArset ayri
[ starts walking] “Let’s go!"”
Seeing Station
Approaches the lidded box [lid opens up and ¢ .
flashlight directs a beam of light at Romo] ‘[‘walks to the lidded box] h | h , . .
Plays the dizzy/frusttad routine Wow, a tregsure chest . ! wond_er w._at s 1 nsi
Spins awav from the light [walks closer to the box, lid opens up and a fligbh directs a beam of light at Mini]
PIF;ysthegappyanim;]tiononcélasmoved “Let’s fimeéreus. aObyright |ight inside the bo
away from the iight away from the box and shields its face with
Hearing Station
[walks to the speaker]
Approaches the speaker “1t’s a radio! |I'm feeling shy. | want to da
[Music playsin background] thissong. lreallywmat t o dance to it."” [ti ess shtaenpdss thiancil
[Plays the happy/excited routine with quickt s hy i f you dance with me. Let’'s dance!” [ mus
andfro movements to simulate dancing] “1 want to see your favorite nodaneealofig] [ musi c
“Wow, that was fun!ncWhartovies?”"yduwaiftasv droirt ec hd d

Smelling Station

Slowly approaches the flowerpot

Tilts the display in the direction of the flowers
[Plays the sneeze animation and retreats to
convey disfeasure]

[walks to the flowerpot]

“Oh, flowees!
[takes a step
they smell goodty o u ? ”

Lee’ §l ower s
back] “These

together!” [bends
fl owers made me s
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Romo

Mini

Tasting Station

Approaches the first plate of food

[Plays the nervous/disgust routine, tilts away ¢
retreats from the plate quickly]

Approaches the second plate of food

[Plays the curious/wanting/happy routine with
brisk to-andfro movements to convey pleasure

[walks © the two plates of food]

“1"m hungry for a snack. Let’'s try some food
first plate] “Yum, yum! This food ’'tsasttreys alred
now.” [béeonds$heownod item in the second pl ate
di sgustedly] “I don’'t Iike it. Which food do
“1 think | |l ike this food the best.”

Touching Station

Approaches thblanket

Moves on top of it

Pauses and plays the curious/sleepy routine ti
convey that the blanket is comfortable and tha
is taking a nap in it

[sand bowl not used]

[walks to the blanket]
“Wow, we' ve wal k.dhisblanket looks very siofl think lawark te feel it. Can you helg

feel it with me?” [waits for child to respon
“Great! Let’s walk over and touch the bl anke
rubs i t] “ I tdfluffe like askitten'eWhagts osfotf ta minma | does it r

up and waits for child to respond]

[walks over to the bowl of sand]

[ points to the bowl] “Hey, | think | 1 ost my
to retrieve the golden stars]

“Thank youl!l?”

Celebration

Moves to the middle of the table

Plays the happy/excited/celebration routine,
changes tilt angles rapidly and spins around ir
circles to convey excitement

“Yay! We're all donhel & ¢perioand sotnérsaddtf at e by r ol
[gets up on its feet, takes a few steps forward and then balances itself on one foot]
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Figure 8. Our robots interacting wit the stimuli at the sensory stations. Station designs for
a) Seeing, b) Hearing, ¢) Smelling, d) Tasting, €) Touching, and f) Celebration stations.
designs for Mini: g) Seeing, h) Hearing, i) Smelling, j) Tastamgl k) Touching stations.

designed not to be extreme, so as to focus

than encouraging intolerance of the stiatidn.

As listed inTable 2, the instructor made sure to pause between each dialog delivered by
Mini so as to allow the child to respond before proceeding with the activity. The questions
from Mini were meant to promote active participation from the childind keep them
interestedin the interaction. It is also important to point out the intended purposes of

demonstrated actions of the robots at each station, which are shBwniia 8:

. Seeing Statian To effectively handle uncomfortable visual stim@nd to
communicate discomfort instead of allowing it to manifest as extreme negative reactions
(tantrums/meltdowns). This can be especially useful in controlled environments like

cinemas and malls where ligihg intensity cannot be fully regulated.
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. Hearing Staton: To improve tolerance for sounds louder than those to which one
is accustomed, to learn to not be overwhelmed by music, and to promote gross motor
movements by encouraging dancitm the music This can be especially useful in

uncontrolled envonmentdike cinemas and malls where sounds cannot be fully regulated.

. Smelling StationTo not react with extreme aversion to odors that may be disliked
and to communicate the dislike instead. This can be useful for parents of children with
ASD who ae very paticular about the smell of their food, clothes, and/or environments

etc.

. Tasting StationTo diversify food preferences instead of adhering strictly to the
same food types. It must be pointed out that this goal is atéwngtarget that can nbe
achieved after the children have already interacted with the robots over several sessions. It
was anticipated that once the robots had formed a rapport with the child by liking and
disliking the same foods as the child, they could start to deviae finoseresponses,
hopefully encouraging the children to be
prefer. Different food items would be utilized to achieve this goal. While this remains the
eventual target, this claim can only be validatedugh a lmgterm study Its mention

here is meant only to provide the readers with an insight into the purpose of the station

design.

. Touching StationTo acclimate oneself to different textures by engaging in tactile
interactions with different materml This & especially useful for children with ASD who
may be sensitive to the texture of their clothing fabf83[168] and/orto those who

experience significant discomfort with wearables, like hats and wrist watches etc.
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. Celebration StationThe celebration at the end was me@ntonve a sense of
shared achievement, while also encouraging the children to practice their motor and

vestibular skills by imitating the celebration routines of the robots.

3.2.5 Social Engagement Model

Our social engagement model in this design encompassedal key behavioral traits of
social interactions. These included gaze focus, vocalizations and verbalizations, smile,
triadic interactions, sefhitiated interactions, anichitation, as described Table 3. These
behaviors were selected because tieye proven to be useful measures of social attention
and social responsiveness in previous resedP@)172][173][174][175][176]177]
[178][179][180][181] and provide a comprehensive and multimodal representatlayof
engagement behaviors. By coding the video data for these target behagintitative

engagementnetric was derived agni ndi cat or o évolvinyemgagementh i | d’ s

througlout the interaction with the robots. iSlengagement index was computed as a sum
of these factors, each with the same weight, such that the maxialrea of the

engagement index was 1.

Each behavior contributed a factor -oto the engagement index. Foxaenple, for a

participant observed to have a smile and gaze focus while interacting with Mini during the

Tasting Station but only gaze focusléoling the end of the station, the engagement

function was assigned a constant value of- - for the entireduration of the station,

and reduced te immediately after its end. Any changes in engagement within an interval

of 1 second werdetected and reflected in the engagement index function.
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Table3. The key social behaviors thetnstitute our measure of engagement (engagement index).

Behavior Description

Deficits in s
Eye gaze focus commonly repo
t he rmhdtos th

ocihilnggtayentd omt aamt
rted deficits in c
e setup was used t

The volubility off cthti éedareae svi p the
N to their TD counterparts. Since
Vocalizations/ .
verbalizations responsiveness, t he frequency
verbalizations produced by the
i mpamrtt i n computing the engageme
Smiling has also been estabéneasds
Smile freqgquency and duration of smil e:
with the robots were r etcoortdred, e
i ndex.
A triadic relati onisnhcilpudinnvg |Itvhees
Triadic a third person that_ m_ay__be t he |
. . acts as tool to elhiecicthiil Wt emalc t
interactions . . .
example of such interacti onasboiug
dancing robot by directing the
Children with ASD prefer to imlta
compared to their peer s. Ther e
Self-initiated i nteradtitdhres rwibtot i nitiated by
interactions contributing to the engangemnmeartte di
can incl wded htealrloibrog stt attemptin
robots to tehec .oeittansy api ompt s f1
I nfants have been found to prod
stages of developkméeht s aAade bbbt
Imitation devel opmendommunboat ove atbudyti:
unprompted i mitati ovasofr eccboagareab
their engagement in the interac-

3.2.6 Extracting Ground Truth

A behavioral codingsoftware, Behavioral Observation Resealoteractive Software
(BORIS)[182] was used to annotate the behaviors of interetarvideo dataFigure 9
shows the GUI provided by BORIS to conduct the video annotations, highlighting the robot
behaviors in orange and the observed child behavigneesn.Codinggenerated from the

sdtware were used to derivbe several metrics f®ystem evaluatianin addition, the
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Figure 9. The graphical user interface provided by BORIS, the behavioral observation &
software we used to annotate the video recordings from therctd interactions. We identifis
and marked 6 key target behaviors wizralyzing the videos: gaze focw®calizations, smil
triadic interactions, selinitiated interactions, and imitation. Examples thfe tagged robc
behaviors (highlighted in orange) and observed child behaviors (highlighted in green) are

annotatiorprocessalso produced engagemt labels for the dataset. This was required for

our next stepusng a neural network to &omate the engagement classification process.

3.2.7 Automated Engagement Classification

With a set of annotated vi

dirgecactidna \Wwith oudrobotst me nt i n ¢
the next step was to automate the engagement measurement process so thatiecgepen

on human coders could be eliminated (or at least reduced) in the Aitmiagor hurdle in

the path toward automated measurement of sengéhgement is of the identification and

classification of the higthevel behaviors that comprise our engagenmeoatlel. While it

may be a simple task for trained professionals to identify theseioed and infer a fairly
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accurate engagement state frome tiealt i me observations of a
remains a considerable challenge for the stétbe-artalgorithms and machines. Instead,
the current technologies are better equipped tmeixlowerlevel behaviors that can be

used as a rough @station of the target behaviors.

Behavioral Feature ExtractionAn ideal automated engagement measureuncase
would incorporate all of thesocial behaviorsthat comprise our engagement model
However, thisalso necessitates the automated classificatitimesesocialbehaviors. This

is no trivial task, and involves contributions from multiple disciplines inalgidiomputer
vision, speech analysisiachine learningand behavioral psychologgs a part of a more
practical approach that is fitting of a first step toward the derivation of an automated
measure of social engagement in ASD, we decided to extraetel@lv behavioral
components from our video data as indicators of engagement imetections with the
robots. For this purpose, we utilized the 2D body tracking and facial expression data

generated by OpenPole3].

Using the body tracking data, we derived three new features based on Laban Movement
Analysis (LMA)- a method for describing and interpreting all types of human movement
[184] that isusea frequently in a variety of fields including dance, acting, music, and
physicaltherapy etc. LMA categorizes all body movements into the categories of body
effort, spaceand shape. Out of the four categories, effort represents the dynamics of human
movenent and provides an insight into the subtle characteristics of movementsspéhtre

to inner intention. This makes it an important feature to use in studies involving the

estimation of affect, intentigmnd engagement states.
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Table4. Equations for Laban feature extraction from the 2D pose data.

Feature Equation
Space YR OO aLEQ O EF LS o O E+ 1)
where .
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Effort itself is classified into space, weiglind time, which are the three features that we
incorporatedn our current work. Space represents the area taken up over the course of a
movement, weighindicates the power or impact of movement, and time conveys the speed
of an action, including aense of urgency or a lack thereof in a movement. The equations

for each of these features are as shownainle 4.

In addition to the skeletal data pointsrexted from OpenPo4&83], we alsoacquired
faci al keypoints to incorporate tediueesethanges
While a total of 69 facial keypoints is available, we only used the lipegadckeypoints
since they were the most relevémtour applicationincluding thewandwcoordinates for

each facial keypoint meant a total of 68 facial features in the dataset, in addition to the 3
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derived Laban features. Therefore, a total of 7ltufes was utilized. A Principal
component analysis (PCA) was first perfothun thedataset to reduce the dimensionality

of the feature set from which 5 principal components were obtained.

The goal was to train an individual CNN for every child to persomahe engagement

predictins

Convolutional Neural NetworkArchitectureWe used anulti-channel and muliiayer, 1D

CNN for this temporal mukiabel classification problemiD CNNs have been found to be
competitive with RcurrentNeural Networks on certain sequenegrocessing problems,
often at a considerably lower computati cost.Hence, this network was useful in our
case to identify simple patterns within our data, which can then be used to form more

complex patterns within the higher netwoakérs.

The network was composed of two Conv1D layers to idettiétemporaldata paerns
(with 5 channels with 64 anti28 filters respectively and a kernel size of 3 with 20%
dropout) and three dense layers for classification (kernel sizes 256, 256(ramdber of

output labels: value ranges of engagement level)k iShilustrated m detail inFigure 10.

>

X, —>

Input sequence

shape: X —>
[num_of_datapoints,

num_of PCs]

nodouqg
!
nodoiq
uane|y
!
N3y + asuag
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!
N13Y + asuag
nodoiq
|
Xewyos + asuaq

Output sequence

shape:
[num_of_datapoints,

X, —> num_of labels]

N7124 + uonNnjoAuo) AT
N13Y + uolinjoAuo) At

e i

64 fiters 128 fitters 256 fiters 256 filters
kernel size=3 kemelsize=3
strides = 1 strides = 1

Figure 10. Architecture for the -Himensional Convolutional Neural Network used for
multilabel engagement classification process.
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A 10-fold cross validation(train/test split of 0.9/0.1) was used for evgryar t i ci pant

individual dataset. Optimization was performed using the Adam optimizer. To evaluate the
performance of the networkye obtained theprecisionand accuracy metrickr the

training processTheseare presented in Section 34

3.3 User Study

In this section, we present a user study the goal of which was to evaluate the feasibility of
our sensory station interaction scenasoan effectiveHRI desgn capable of engaging
children and to collect engagement data which could then be used to train a machine
learning network for automated engagement predictions in the future. We used a control
group of TD childrerand a test gnap of children wih ASD tocompareengagement and
hypothesized that children with ASD would show similar social engagement to the TD
children. The study was approved by the Institutional Review Board (GWU IRB#
111540).Both groups were presented with the same experimentalitiors and a post
analysis was performed to evaluate the differences in their behaviors during their
interactions with ourobots.The following sections present tegperimentaiethodology

and thefindingsfrom the feasibility studyas well as theasultsfrom training the CNN to

classifytheengagemenevel.

3.3.1 Experimental Procedure and Setup
Each child from the two groups was allowed to participate in the interaction a maximum
of 8 times.However, his study include®nly the firstsession data catted fran the

participants.
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All the sessions were conducted individually, not in pairs or ggotrhe children were
accompanied by their parent(s) who remained with them in the room throughout the
session. They were given aboufl® minutes to explore ¢hnew enironment and settle
downwhile the parents siged the required consent forms. The sessiwere not strictly
structured, in that the participants were only briefly instructed about playing with the robots
without any explicit directions about haw interact with the robots They could sit in a

chair or remain standing during the sessionthay pleased. This method of providing
minimal instructions was intentional since it facilitated a naturalistic interaction between
the children and the robofEhe siz of the table and its placement in the room allowed the
children to move around freeig order to ensure that they could view the robot from the

front at every station.

In every session, the activity was first conducted with Romo, followed oy, lsind he
stations were placed in the same fixed order as descrit@adiion3.2.4 The expeament
design did not explicitly include a break between the 2 activities, but the participants were
allowed to stop at any point if needed. Removing Romo ttemrsetu@and restarting the
activity with Mini did not takemore than a minute. The control rhaaisms of the robots

and the stimuli desigrallowed for flexibility, such that an action could be repeated if the
interaction was interrupted (for exampleaithildhad a runny nose or needed to use the
restroom) or a stimulus could be adjusted if ssaey (for example, the volume of the

music could be lowered or increased at the Hearing Station).

A camcorder, mounted on a tripod, was placed at the encedhalie,at an angle that

ensured that the child and the robots always remained in its viewodtage was used
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for postexperimental analysis. The analysis presented in this paper was based only on the

video data collected during the intervals of acpegticipation.

3.3.2 Measures

This section discusses the evaluation criteria that details the diffeess in which the

sensory station design is evaluated in terms of its ability to engage children. It also
describes the process of deriving the engagemdekjrourmet r i ¢ t o quanti fy
level of engagement at any given time during the intemactt then presents the various

measures we derived to assess our design, including the comparison between the stations

and the two robots, as well as ardigpth lookat the social behaviors that contribute to the
engagement indekinally, it discussethe performance metrics that were used to evaluate

the engagement classification frahe trained CNN.

1. Engagement Index: The video coding results generated bMS conainedthe
timing and behavior information for every participant throughoutdtiration of their
respective sessions. These results were run through a MATLAB script to compute the
changing engagement index value as the normalized sum of targeidrelolserved
at 1-second intervals throughout the interaction. The plot shoviaigure 11 depicts
the engagement index value for one of the participants. The red plot marks the general
engagement trend for this participant. In the station labels marked,” R” i ndi cat es
Romo and “M” indicates Mini . tBipaothinthe ot s we |
studyto enable us to assess the correlation between the observed behaviors and the
robot conducting the interaction
Additional layers of analysiwere ao generated. The same script also extracted

information pertaining to the timing ahe robot actions in response to which these
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Changes in participant engagement while interacting with robots
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Figure 11. Pl ots depicting t bveralernyagenpemtdiffarent statior
during an interaction with our robots in the sensetgtion activity

engagement index values were generated. The yellow aféigsine 11 arethe periods
marking the sensory stationt@mns of the robots. This allowed us to compare the
effectiveness of each station in eliciting social engagement from the participants. In
addition to the consolidated engagement index value, a breakdown irofehmsarget
behavios comprising this erggement \&s also derived. This allowed for a comparison
of the frequency of observation of the different target behaviors and the stations
responsible for eliciting them. A visualization of this is showifrigure 12. Station
labels are omitted for legility but ae the same as iRigure 11. As indicatedn the
bottomrmost subplots irFigure 12, this participant initiated no interactions witie
robot and showed no imitative behavidfnally, the engagemeé generated by each
robot was also assessed indually and compared to study the social engagement
potential of each robot in this sensory setting.

2. Framework Evaluation Metrics: Using the method to derive continuous engagement

index values describepreviously several metrics were also generatecevaluate
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Figure 12 Pl ots depicting the changes i a

behaviorat dfferent stationgluring an interaction with our robots in the sensetgtion activit

(El: Engagement Index).

various aspects of the design. First, the session comprising interactions with both robots
was analyzed as a whole, resulting in consolidated engagement metrics. In addition,
engagement resulting from each target behavior was also computeddyottstu

contribution of each target behavior toward the engagement index. As an example, an

engagement metric resulting from the vocalizationBaoficipant X was computed as:

factor ¢
beh

vocalization
from all target

sum of alll
sm of gemgmatctors

0t o
The next layer of analysis was obtained by isolating the engagement resulting from
each robot and comparing the two metrics to evaluate their impact. Once again, an
overall enggementindex was obtained for each robot as an indicator of its
performance throughout its interaction, in addition to a breakdown in terms of the target
behaviors that compriddhe engagement. The engagement metric for the interaction

of Participant X wth Romowas calculated as:
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sum of all engagement factors thro

Qe Qi sum of engagement factors througho(5)

Similarly, the engagement metric resulting from the vocalizationBadicipant X

while interacting with Romo was calculated as:

sum of al | vocalization factors t

Qe Q ¢ ¢ - .
¥R A SUm of engagement da<dioars Wlhtrh)utgd(G)

Next, an analysis was performedstady tte differences in engagement at each sensory
station. This was analyzed separately for each robot so as to derive an understanding
of the engagement potential of each station per robot. The engagement metimgresult

from the Hearing station whilearticipant X interacted with Mini was calculated as:

sum of all engagement factors at Hear 7
sum of engagement factors throughn()

Q¢ Qo
In addition, a breakdown of engagement at each station was obtained in terms of th
elicited target behaviors and analyzed separately for each robot as well. This allowed
for a finergrain assessment of the capability of each station for eliciting thednodl

target behaviors. For example, the engagement metric resulting from theoigaz

Participant X at the Smelling station while interacting with Mini was calculated as:

[ sum of all gaze fdoaromng ant®&mekhkiog
Qe Qj S i (8)
sum of engagement factors from all/l behavi

These metrics enablegh assessmemtf different aspects of the framework and an
effective evaluation of the varioudesign factors to achieve a comprehensive
understanding of its potential, in addition to identifying areas requiring further
improvement.

All the aforementioned metrics were @bbed for each individual participant. Data
from the participants wre also casolidated to derive metrics to compare group
performances as well.
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3. Performance metrics for CNN classification: To establish the performance of the 1D
CNN classifier in predictigo engagement through behavioral data extracted from video
recordings of thehild-robot interactions, we obtained the accuracy and loss metrics
for the training, and accuracy, precision, and recall for the test proc¥g¢edist
trained individual clasfers for each participant to personalize the sequence learning
(done by thenetwork to each individual childWe thentrainedonenetworkper group
by accumulating the behavioral data for each of the TD and ASD groups to study the
effect on classifier pgormance. The individual and group performance metrics are

detailed in Seavn 3.43.

3.1.1 Participants

For this study, the target age range for the participants was sdtgehrs. Considering

the design of the framework and robotic interactions, it wasaed that children within

the elementary and middle school ages couldtiefiom this interaction and/or find it
appealing, especially given the fact that the cognitive skills of children with ASD may be
considerably different from their ageatched D counterparts. The large age range was,
therefore, a way to also establtble ages and ASD severity levels for which the framework
could be most valuable. The recruitment strategy involved recruiting from the general
public through flyers and wordf-mouth in the metropolitan Washington, DC area. From
this recruitment processhe inclusion criteria only required th#te participants were
diagnosed with ASD and, as such, parents were not required to disclosedapthin

medical details.

A total of 13 TDand 9 ASD children were invited to participate in this study. Of the 9 ASD

participants, data collection was unsuccessful with 2 participants due to the severity of their
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conditions: both were newocal and had severe attentional diffieestdue to whichhey
were unable to remain inside the experiment room with the rdbata.collected from 2
additional ASD participants, 3 and 15 years of agereexcluded since they fell outside
this range. Hence, the TD group consisted of 13 paatitsy 7 male an@ females, with a
mean age of 7.08 2.565years and the ASD group consisted of 5 participants, all males,
with a mean age of 8@+ 1.095years. The demographic details of the participants are

listed inTable 5.

Both the test group (AS¥nd the controgroup (TD) participated in the same interaction.

The purpose of including a control group was to establish a baseline of engagement
demonstrated by TD children and compare with that of the ASD group. For subsequent
interaction sessions, hever, the goalwa s t o compar e each chil c
performance with their own individual baseline established in their first session in order to

monitor individual progress. This part of the study is still ongoingosydnd the scope of

thework presated here.

3.2 Results

This section first presents the metrics of the evaluations performed in this study. We first
describe the interrater reliability results for the video annotation process that was done to
obtain the engagement labels from huncaders. We then presentethiesults of the
detailed evaluation of the sensory station design. Finally, we discuss the CNN performance

to assess its use in the future for automated engagement classification.
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Table 5. Participant demographic detailsom theuser study to evaluate our sensory station
interaction.

Participant ID Age Gender Group
1 10 M TD
2 4 F TD
3 5 F TD
4 11 F TD
5 9 M TD
6 10 F TD
7 9 M TD
8 5 M TD
9 5 M TD
10 5 F TD
11 5 M TD
12 5 M TD
13 9 M TD
14 7 M ASD
15 8 M ASD
16 10 M ASD
17 8 M ASD
18 8 M ASD

3.2.1 Interrater Reliability

To ensuretheintegrity andreliability of theengagement labetsbtainedfrom the human
coding the videoannotation proceswas completed by three different codeEsach
performedthe same analysisethods on the three sets of generated ddta.quality of

the coding was assessed using intraclass correlation (ICC) of type (3,1), which is a popular
method of determining codagreement in behavioral sciend@85]. This value ranges
between 0 and 1, andaxding to a guideline provided by Koo and [1i86], values
betweer0.7- 0.9 are considered good, and those above 0.9 are considered exthkent

agreement scosand the standard deviatiohthe engagement data provided by the three
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Figure 13. The ntraclass correlatiorcoefficients obtained per participant through the v
annotations generated lije three human codemare shown heréflhe mean agreement sc
between the ratings equals 0.8752, where values betwe@rare considered good and th

above 0.9 are caidered excellent.

coders in this studgqual0.8752 = 0.145. ICC values obtained for each particj@nt

obtained from the 3 codérs a n n ocate ahtownarFigaire 13. All the scores except one

(Participant 15)achieved a high agreement value of above 0.7. Participamiat5a

hyperactive child who was fascinated with robots, but more focused on exploring their
abilities than observing the activity in a controlled setting. Mldttimes, he attempted to

get a hdd of the robot control devices, removed the robot from the table to observe its parts

and asked questiossichas What el s e

can

t

do?”

The

may be attributed to the haphazard naturki®finteraction with the robots,here raters

may have had different opinions regarding his interest in the robot itself qualifying as

engagement in the activity.

3.2.2 Sensory Interaction Design Evaluation

This section details the findings from the analysishoésdescribed in Sectior.3.2. It

ow a

first presents the results with respect to the consolidated engagement index, and then
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follows with a breakdown in terms of each target behavior, reloot station respectively.
Independent samptetests were perfored to compare the evaluatiaretrics for the two

participant groups.

ConsolidatedEngagementndexAn overall engagement index value was computed based
onthebehavioral metrickkom the complete interaction sesss§mvolving both robotspf

all the paricipans. Average engagement index values for each individual participant in
both groups are shown kKigure 14, with a highest value of 0.37 for Participant 14 (ASD)
and the lowest value of 0.15 for Participant 5 JTThe mean and standard deviatimin

the engageent indexfor the TD group = 0.2439 0.072 and for the ASD group = 0.270

+ 0.064. To determine the statistical significance of the differences in the average
engagement index values for the two groupseat = 0.05) assuming equal means but
unknownvariances was conducted. No statistically significant difference in the overall

engagement of the two groups was found with p = 0.5048.

Average Engagement Index Per Participant
0.40 BTD «ASD

0.35 0.37

0.30
0.29

0.25 B = .26 0.26 0.26

0.20
0.15 0.17

0.10

Engagement Index

0.05

0.00
i 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

Participant ID
Figure 14. The average engagement index values obtained for all the participants c

course of their interaction sessions during the wedy. No statistically significant differer
was found in the overall engagement index for the two participant groups.
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Figure 15. A breakdown of the overall engagement index in terms of the target behaviors,
comparable behavioral observatiorisom the TD and ASD childrernwith no statisticall
significantdifference found between the two participant groups.

TargetBehaviorseach partici pant’ s overdolwlintermsyage men:
of the target behavioomprising this consolidated value. These results were compiled for

the two groups and are showrHigure 15. The ASD group was found to perform slightly

better m all accounts other than gaze. Howewer statisticdl significant difference was

found from the test £ = 0.05). The performance of the ASD group, therefore, was

comparable to that of the TD group in terms of each social behavior considered in this

study. Details of the-test are shown ifable 6.

Table6. Results of thetest todeterminethedifferences in engagement from each target behavior
for the two participant groups. No statistically significant difference was found in any case.

Target behavior p-value
Gaze 0.3024
Vocalization 0.5360
Smile 0.3804
Triadic interaction 0.9049
Selfinitiated interaction 0.9669
Imitation 0.7144
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Figure 16. The overall engagement index per group obtained from interactions with eact
A statistically significant difference was fouwtth Mini outperforming Romo for the TD gro
but no statistically significant difference was found betweeeffeetivenssof the two robots |
case of the ASD group.

Romo Versus Mini To study the individual performances of the two robots as tools to
encourage social engagement in children, an engagement index was derived for each group
with respect to the pticipant interactions with each robot. Romo was found to have an
overall lowerengagement potential as compatedini, with engagement index values
significantly lower than those of Mini for both groupBigure 16). However, Mini
appeared to be more efteve with the TD group than ASD, whereas Romo appeared to
perform slightly béer for the ASD group than TD. fAtest £ = 0.05) wasonducted and

a statistically significant difference was found with Mini outperforming Romo for the TD
group (p = 0.0000010802). However, no statistically significant difference was identified

in theperformance of the two robots for the Agup. Details of thétest are shown in

Table 7.

This was further analyzed in terms of the target behaviors that comprise the overall
engagement metric as a means to assess any difference in the capabibitodsrobet to

elicit the 6 key social behars in childrenGazewas clearly the easiest to evoke, followed
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Table 7. Results of the-test to determine ddrences in engagement from the two robots
each participant groupA statistically signifiant difference was found showing that Mi
performs better with the TD group than the ASD group.

Group p-value
TD 0.0000010802
ASD 0.1437
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Figure 17. The overall engagement index per group obtaiinech the interactions with ea
robot. Gazebehavior is the easiest to elicit, followed diyile, for both participant groups al
with both robots.

by smile This applied to both robots ahdthparticipant groupsSelfinitiated interactions
and vocalizationshad similar elicitation levels followed btriadic interactions and

imitation. These findings are shownfigure 17.

SensoryStations This part of the data analysis was performed in order to evaluate the
potential of every station in the sensory station activity to elicit social engagement. To this

end, the engagement index ua#s were obtained separately for each station within
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individual interactions with the two robots. This allowed for an assessment of the sensory

station design through a comparison of the engagement contributions of each sensory

station. It also facilitated comparison of robot abilities at each given station,rasans

to identify the features of a roble¢haviorthat may be more effective in engaging children

than others, and possibly incorporating changes based on these findings in a future

framework dsign. The results are shownRigure 18. The Touching, Hearig and Tasting

stations were the most engaging for both robots and both participant gtloeiSgeing

station was the least engaging, while Smellingand Celebration stations remained in the

middle.
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Figure 18. Engagementontributions from each sensory station for the two robots and tf
participant groups, showing that the participants in both groups found the Touching, 1
and Hearing stations more engaging than others.
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In addition, the scatter plots figure 19 were generated to take a deeper look at the
capacity of each station to elicit certain target behaviors. For Rgargand smile
behaviors were generally observed at thk stations. More interestinglyalmost no
instances ofmitation were observed for either participant group while interacting with
Romo. In addition, the Touching station generated the highest number -ofitsatiéd

interactions for both group§&igures 19a and19b).

As with Romogazeandsmilebehaviors were consistently higher tteiothers at almost
all thestations during the interactions with Mihmitation was observed more frequently
with Mini than with Romo for both participant groups, particlylaat the Hearing and
Celelration stations. For both groupslfinitiated interactionsvere most common at the
Touching station. In general, a larger numberadalizationswere observed at athe
stations with the ASD group than with the TD group, &retlic interactionswere most

commonly displayed at the Touching station for both gr@Bpgires 19c and19d).

The results of the sensory station design evaluation were originally publisi@djn

3.2.3 CNN Training Results

Table 8 presents the detailettaining and testingesults produced our engagement
classification network. The length of interaction for a participant is an important factor that
provides an insight into the number of videanfies, and, hence, the datapoints that would
be available to train the network. dllatapoint count is also affected by the processing
performed by OpenPose, whialey sometimesrop frames. This is particularly evident

in the case of Participant 18, wheéhe number of available datapoints are far fewer than

expected. The average TOenaction length was 615.16 seconds whereas that of the ASD
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Figure 19. A closer look at the engagement from each target behavior at each station
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group was 715 seconds. Individual engagement prediction models were generated for each

participant and theirggformances were evaluated.

It should be noted that Participant 9 was excluded from the training/testiogss due to
the corruption of the annotation data. Data from the remaining 17 pasitip were used

to derive these results.

The network has arvarage training accuracy of 0.819 for the TD group and 0.730 for the
ASD group within the training stage. For the test data, the performance declines readily
with an average accuracy of 0.386 for the ASD group and 0.197 for the TD Gosiis
expected tyen the limited amount of data. Average precision and recall metrics are also

listed inTable 9.

Figure 20 depicts the training and validation accuracy plots for some of the participants
illustrating the changes in accuracy with respe¢he number ofochs Figure 21 shows

the timeseries plots of the changing engagement states for the participants. lie red
shows the true engagement as determined by the annotfdi&ifyjsThe blue line is the
prediction made by the network. The predictions are made only for the last 10% of the

interaction duration, which is depicted by these plots.

In addition to the individual models described above, we @thined a combiemodel

for each of the two groups by using all the datapoints collected from the participants for
each group. We also cresalidated the models for the two groups in attempt to identify
any prevalent patterns tnends for group engagent prediction. Tégroup training and

validation accuracies are plottedHigure 22. These are also listedirable 10, along with
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Table 8. Performance metrics for the engagement classifiers trained for indivmiuatipants
(TD Group: ID17 1D13, ASD Group: ID13 ID17).

ID Length of No. of Train Test
interaction datapoints Accuracy Loss Accuracy  Precision Recall
(s) (frames)

1 315 12455 0.8234 0.4448 0.2090 1.0000 0.2088
2 521 16212 0.7443 0.5614 0.2184 0.7176 0.2182
3 530 16412 0.783 0.5464 0.1084 0.1462 0.1084
4 654 19708 0.8435 0.3932 0.4574 0.6937 0.4571
5 798 23906 0.8904 0.3097 0.7921 0.7276 0.7917
6 688 20874 0.9151 0.2145 0.5371 0.5122 0.5369
7 314 9394 0.6746 0.7990 0.3056 0.3437 0.3053
8 479 14398 0.6106 0.9301 0.0834 0.2055 0.0833
10 782 23052 0.9800 0.0636 0.9978 1.0000 0.9974
11 952 16627 0.7600 0.5697 0.2474 0.4120 0.2473
12 809 17683 0.9118 0.2264 0.4695 0.2778 0.4692
13 540 11074 0.8889 0.2883 0.2132 0.4508 0.2130
14 518 11383 0.7990 0.4856 0.0800 0.4976 0.08M
15 580 17347 0.3050 0.8922 0.1719 0.5770 0.1718
16 676 17609 0.8118 0.4637 0.1966 0.2993 0.1965
17 745 15969 0.7600 0.5697 0.2475 0.4121 0.2473
18 1056 556 0.9760 0.0660 0.2909 1.0000 0.2857

Table 9. Averaged performanametrics to comparéhe engagemerdlassification performances
for both groups.

Length of Train Test
Group interaction (s)
Accuracy Loss Accuracy Precision Recall
TD 615.16 0.8190 0.4456 0.3866 0.5406 0.3863
ASD 715.00 0.7303 0.4954 0.19738 0.5572 0.19%63
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Figure 20. Sample plots of the classifier accuracy with respect to the number of epocl
different participants.

details of the modeperformances on grouped test data for each of theadd ASD

datasets.

In the training phase, the ASD classifier was able to achieve a slightly higher accuracy
level (0.8102) than the TD classifier (0.7702). However, this lkady a result of
overfitting since the dataset available for the ASD group was much smaller than the TD
group. Consequently, the test accuracy of the ASD model (0.3541) was found to be slightly
lower than that of the TD model (0.3873). The results @éstiesting the classifiers dhe

group data shows that the TD model was able to achieve a higher test accuracy (0.3620)
on ASD data than the ASD model itself (0.3541). Expectedly, the ASD model performed

poorly on the TD dataset with a significantly laveecuracy of 0.2567.
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The results relatetb the CNN training were originally published [(b87].
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the changing engagement states for

participants. The red line shows the ground truth labels determined by the human
The blue line shows the predictsomade by our classifier.
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Table 10. Performance metrics for thengagementlassfiers trained for the two participant
groups.

Classifier ~ Data group Train Test
Accuracy Loss Accuracy Precision Recall
TD TD 0.7702 0.4216 0.3873 0.30130 0.3873
TD ASD - - 0.3620 0.5067 0.36202
ASD ASD 0.8102 0.5707 0.3541 0.4247 0.3541
ASD TD - - 0.2567 0.3041 0.2567
TD model accuracy ASD model accuracy
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Figure 22. Classifier accuracy for the test and validation datasets for the a) TD an
ASD patrticipant groups.

3.3 Discussion

This section presents an interpretation of the reshibsvn in Section 3,4ncluding the
evaluation of the sensory station design as well aSKi¢ classification performancand

theirimplications orthefuture of this research

Sensory StationDesign In the sensory station activity, the average consolidated
engagement index for participantsnged between 0.15 to 0.35 for the TD group and
between 0.17 to 0.37 in the ASD grotigure 22). The sociaengagement of thehildren

in the ASD group was found to be similar to that of the TD group. This implied that the
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ASD and TD groups showed similar levels of overall social engagement during their
interactions with the robots. This finding was reinforced with the reswlits fhe targe
behavior analysis for the two participant groups, which confirmed that there was no
difference in the social engagement of the two groups with respect to all 6 of the key social
behaviors comprisingur engagement moddihis was a promisingesultthat showed that

this framework enabled children with ASD to match the performance of their TD peers

with respect to these key behavioral features of social interactions.

The target behavior analysis also showed that a large portion of the engagersen
contributed by thegazemetric. All other behavior metrics, though comparable for both
groups, offered far lower. Thougjazewas found to be the easiest social behavior to elicit
from the participants, a clear deficit is seen in terms of the catitiis from other
behavios. This pointed to a need for the framework to improve its ability to elicit the other
behaviors, which, may arguably have superior distinguishability for social engagement

levels.

As expected, Romo, with its relatively primitiegnotioral expression capacityrough

facial expressions, sound effed@ad movementsvas unable to match the more advanced
vocal communication capabilities of Mini, which allowed iel@it social engagement in

the participants more effectivelfhe siperiorperformance of Mini with TD participants

may be attributed to their abilities to interpret vocal and gestural communication compared
to their ASD counterparts. The communication methods of Romo may also have been
relatively trivial andhence, lesappeahg for the TD participants. Both robots were found

to elicit similar levels of engagement from the ASD group. It would be interesting to
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investigate if this outcome changes in the future as data is collected from additional ASD

participants.

Findings fromthe breakdown adheengagement index in terms of target behaviors for each
robot were consistent with the overall engagement index trends. For eachgenot,
remained the easiest behavior to elicit in both groups followeshblg validating the
findings from the combined data collected from kb#robots. Here, it was evident that
any enhancements in the contributions from behaviors othergduamand smile will

necessitate improvements in the actions of both robots.

The Touching, Hearing anTastng were found to elicit the highest engagement levels for

both robots. For Romo, its reaction at the Touch statmmsistedo f a “cute” sl e
expression as it “napped” with the blanket.
positive responst onefood item but a negative one to another. The high engagement at

these stations can be attributed to the easily interpretable scenarios (inspitesl by

everyday experiences tifechildren) and the simple but expressive emotional expressions

that @an be asily understood. For Mini, in addition to the factor of simple scenario design,

there was also the explicit request for help by the Mini at the Touch station (to find lost

toys from the sand bowl) that prompted an immediate resgrmeemost childen, ofen

without waiting for the instructoffigue per mi s
23a). In addition, the relatability of the disgusted reaction at the Tasting station also
contributed significantly to the engagemexttthe said stationsince the dialog here

typically evoked a laugh from most children. For both Romo and Mini, the engagement at

the Hearing station may be attributed to the use of music to facilitate an expression of joy,
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and for Mini in particularthe combination of musiwith dance moves that were edey

the childrento replicate Figure 23b).

The lack of imitative behaviors resulting from interactions with Romo was not surprising,
given that Romo is a nemumanoid robot withimited capacity for humaitike gestures.
Imitation of its facial expressions was not expected to be common, where engaging
emotional expressions typically resulted in smiles instead of actual imitation of the
expression. Expectedly, imitation was more common during interactions with the
humanoid Mni, both at the Hearing and Celebration stations where the actions performed

by the robots were “fun” to replicate.

The Touching station was engagiiogboth robots given both the soft blanket and the sand

available at this station thal@wved childrento feel the textures with their own hands.

Figure 23. Scenes from the user study for our sensory interaction showimathepants a
following instructionsrom the robot), b) dancing with the robot, ¢) guiding the robod d
waving at the robot.
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instruction, as previously described, meant that children felt comfortable initiating
interactions with Nhi without ne@ling to be prompted by an instructor. Often times, at this
point, the children also turned to look in the direction of their parents in attempt to share
their excitement about helping the robot, which explains the large number-wiitsaiéd

interactiors at this station.

TD children, particularly the older onegere sometimes found to be hesitant to touch the
robots or initiate any other interaction with them on their oWwte. supposehat these
participants hadissumedhat they could not interrupt thectivity or that they needed
permission from the instructor to play with the robots, even though no such explicit
instruction was given to the participants from either group. This caidd have
contributed to the relatively low numberwdcalizationsn the TD group as compared to

the ASD group.

An interesting observation from this study was the usefulness of incorporating music in
child-robot interactions to encourage increased mertdrimitative functions, as supported

by the design of the Hearing s8tan. Though not explicitly evaluated in this study, in
general, the children were found to show a good understanding of the actions and intentions
of the robots as evident by their eagess to fulfill the request for help from Mini at the
Touch station,without requiring any permissions or additional prompts from the
instructors. In addition, there were several instances where the children were found to treat
the robots as realocialentities; the participants were observed to guide the robot to the
next station Figure 23c) and wave at it as it turned to face thdrig@re 23d). These
observations pointed to the potential of socially assistive robots as effective intervention

tools forASD due to their ability to engage children in social interactions.
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It must be pointed out that the heterogeneity iwittach of the two participant groups
limited the generalizability of the findings from this study. The participant age range used
in this study was defined as such for convenience sampbngell ago derve meaningful
insights about the feasibility of the framework for children of various ages. However, the
high variability in the participant ages and abilities within each groupleisted our

ability to compare the framework effectiveness for a givagnitive age.

Overall, the results were encouraging and provided an insight into the effectiveness of the
different features of the framework. As a next step, hope to testhe pedaggical
capabilities of this framework to evaluate its effectiveness astervention tool for ASD

and sensory processing disorders.

CNN Classification Performanc&Vith a fairly simple convolutional neural network, we
were able to achieve a decesrigagement classificatioperformance on the training
dataset. A number of femrs may be able to explain the performances of the two classifiers.
The dataset available ftne TD group was significantly larger than the ASD dataset, as a
result of which the TD model sh@an overall higher performance than the ASD model.

In addition the TD model also performs better on the ASD dataset than the ASD model

itself, which agaircan be attributed to the lack of training data for the ASD model.

Thougha much larger study would have to be conducted to validate the tasmesult
pointsto the feasibility ol combined model for the two groups that may be able to achieve
a deceh engagement prediction performanfoe both groups of children. It is also
important to point out that with the exception of 2 ASD participants who had lower
functional levels, all other children in the ASD group were high or medium functioning.

This canalso explain the performance of the TD classifier on the ASD group since the
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high-functioning ASD children did not have drastically different gestural and facial

expressions #m the TD children

This is, of course, an initial step toward using body lagguaesturesand facial
expressions to estimate social engagement in children, and much can be dontiteefine
this approach. The addition of convolutionaldesy may be helpful in identifying patterns
that this simple network may have missed. Improveme performance are also likely

with enhancements in the quality of the data. A number of improvements can be made:

1. Follow-up sessions with thearticipans can be conducted to increase the quantity
of the data. The larger the dataset, the moreratethe weights of the network nodes, and

the better the overall performance of the network.

2. Additional modalities of data can be incorporated, such as ésaftom speech
analysis, emotion estimatesnd physiological cues. This would provide a more
comprehensive insight into the engagement state, taking into account other important

modalities of human expression and communication.

3. Instead of using the 1680% of the interaction data, predictions could be made for
randomly chosen data points. Téxed of the interactions can often represent parts of the
child-robot interaction where the child may have started to lose interest in the activity.
While this isnot always the casd,is likely thatlower engagement valug®minatethe

test data insteaof more evenly distributed labels.

In addition, while our method guarantees a personalized model for each individual,
improvements may be possible by incorportspects of expression and communication

that are typical to ASD. This can be difficult doetlhe heterogeneiiy theways in which
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children with ASD communicate, each with their own unique expressions, gestures and

behaviors

Moreover, 3D skeletal traking data could also provide more accurate and insightful
features for movemeiltased expregm rather than the 2D datkerivedfrom OpenPose

in this study We might also consider setting up the maze on the floor instead of a tabletop
to prevent the lossf datapoints from the lower half of the body. Of course, the capability

to classify highlevel behaviors of social significance would also allow for a big leap
towards higher network accuracy and a more meaningful measure of social engagement.

But a lowlevel behavior feature approach remains more feasible at this point.

Implications for Next StepsTheautomated measurement of social engagementegral

to this research. Human-the-loop approaches, as the one we presented, serve to improve
the accuray of the engagement predictions but cannot be used in a reattilt@obot
interactiorwhere social engagement needs to be determined at runtime to create intelligent,
responsive and interactive interactions between the children and the robot. For our
approach to be reliable in such a use case, as a first step,-adalgstudy will neetb be
conducted to significantly increase the size of toaining dataset.This would allow for
improvements in the performances of the individual classificatetwarks designed for
personalized engagement labeligdditionally, improvements to theuality of the
behavioral datd.e. feature engineeringhdthe networkarchitecturecan also contribute
positively, as discussepgreviously Since our next goal (@pter 4) requirethe robot to
respond to real time interaction events, we were unablsdgmur existing engagement
model and trained CNKRom the workdescribed in this chapter. Instead, we pivoted to the

use of thirdparty software for facial expressi@lassification and revised our engagement

83



model to be more suitable for use in an intevaccHRI scenario. The downside of this
approach is that compromiss on the personalization of engagement classificatimte

the thirdparty networkdoesnot necessarily include training data that are specific to
childrenor to children with ASD. Details of our new engagement model are described in
Chapter 4 and show why the revised approach is more feasible for our next ubaicase

requresreal timerespons/eness

3.4 Summary

We designed a chittbbot interaction scenario to tardbesensory processing difficulties

that children with ASD commonly experience. We created multiple sensory stations and
used two different robots to model sociadlgpropriate respwses to sensoryisiulation.
Additionally, we developed a social engagement model comprising of six important target
behaviors in order to evaluate our interaction design on its ability to engage children.
Human annotators coded the video recordings aftiiid-robot inteactions that were used

to derive a quantitative metric of social engagement.

The results of the annotations were used to evaluate the framework design and the
contribution of each target behavior to the overall engagement shown by elalch ch
Comparisos of the effectiveness of the two robaisd the different sensory stations were
also produced. In addition, we also used the annotations to train a 1D CNN to automatically

generate social engagement labels.

Several insights into the intetaan design weréerived and it was found that the children
with ASD showed a comparable level of engagement during their interactions as the TD

children. However, more work must be done to obtain reliable predictions of personalized
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social engagement thugh a CNN, espeally by expanding the scale of the study to
include a larger number of participants, which will provide more training data to improve

the network performance.

While we continue to work on this approach in the future, we pivot to thef aseevised
modelof engagement that is more suited for our next use des®ibed in Chapter- 4
reaktime, interactive chilgdobot interaction that requires the robot to respondh&

interaction events, includingtlkeh i | dr en’ s e v cponsesnogbotlactidna vi or al
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Chapter 4
A Robot-Guided Dance-Based Interaction with Multiple Robot

Roles

Physical activity has been found to improve psychological wellbeing leading to positive
selfesteem and happiness in children with A$Ioawever the impaiments in scial
communication andnteractionthat arecharacteristicof ASD can influencethe play
activities of children compelling them to resort tsolitary, passive play{188][189].
Additionally, gructured physical activity programs have been fotagositively influence
social interaction and communicatiakills of children with ASD[190][191]. These
findings corroborate thostfom studiesinvestigating the impact ofusic anddance
therapiedor ASD, reinstating the positive relationship between physical activity and social
skills [192][193][194]. While past HRI studies targeting improvements in social
engagement for ASD have expddrvariousinteraction scenarigdew have effectively
incorporated musicand dancévrased interventionm their designsand yetfewer have
investigated multiple robot roles, focusipgmarily on a unidirectional learning scenario

where the robomainly acts as a teacher.

This chapter describes the design oéal timedancebasednteraction with a humanoid
robot, where the robateeks to promote physical activity in childrentaking on multiple
roles as a dance partnHracts as a leader Inyitiating dances butan also act as a follower
by mi mi cki ng a c h.iDamtés sthedeaderole wereprodacetbymat s
sequencgo-sequencdS2S)Long ShoriTerm Memory (LSTM) networkand a music

orchestration platform was implementtx generatébackgroundmusicin the follower
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mode We alsoincorporated in our design formal constructs taken #&D therapy, such
astheleastto-mostprompting hierarchy, reinforcemertfior positive behawrs, andatime
delayto record observation§Ve thencondwcted a user study to evaluate the impact of
mixed robot role®n useremotion,attention,and physical activity Our findings support
the utility of such a platform in practicing physieativity but indicate that further research

is necessary to fully gore the impact of each robot role.

4.1 Introduction

The importance of physical activity for the health and psychologieklibeingof children
cannot be overstate@hese may bexercise interventions targeting physical fitness, but
also other activities aiing for energy expenditure through a planned, structured, and

repetitive activity that is meant to help develop motor or social skills.

Children with ASD are at greater risk of having eoccurring medical and psychiatric
illnesses including obesity arahrdiovascular diseag&95][190][191]. Parental rports

have also indicated that children with ASD participate in fewer types of physical activities,
as well as spend less time engaging in physical activities cedchfiatheir TD counterparts

[198]. Barriers to participation may bamily-related,social and/orfinancial such as
behavioral problems, motor skill deficits, a preference fdestary behaviors (especially
screenbased activities), the need for supervision, lack of peer partners,cogyhof
opportunities as well as a lack of available opportunitid®99]. Notabl, a positive
relationship between physical activities and social skills has also been established, finding
thatthe children that participated iphysicalactivity prograns showed improvements in

socialization skills and social wellbeing, specificallt@nms of selesteem, sel€ontrol,
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attention span, socially appropriate behaviors,-aysgact, turraking, imitation and

following directiong[200][201].

In addition to structured physical activities, specialized ASD therapy programs,
specifically music andlancefnovement therapies, also leverage this conoe between
movenent and socialization abilities toipre social engagemeii202]. However, dance
basednteractions are not very common in cHRI studies in gef&i&l[118][113]. Only

afew cHRI studieghat arespecifically designed for children with ASD have incorporated
music awl dance into their interventions. This can be explained by 1) the challenges of
safely and effectively executing fulilody motion in humanoid robots, 2) tieelious nature

of manual choreography desigpecifically for humanoid robatand3) the fact thaan
effective dancéased intervention would require that the robot be ablerforn a wide
range of dances so as not to quickly lose its appé&al.work presented here overcomes
these challenges by developing a dabasedinteraction with a humanoidobot, Nao
[203], that uses a2Snetwork[204] to choreograph a variety of dances fog tiobot.
Unlike the previous studies operating in \Afidof-Oz settingg115], our dancebased
intervention is automated and requires minimal human conié. achievedthis by
equipping the robot with the ability to interpret multimodal social sigaats generate
contingent responses in dynamic social mwnents within theettingof the dancébased

intereaction, all with real time interactivity with the user.

It is important to note that recent research efforts have made significant progress in the
field of automated dance synthesis, particularly mbssed dance synthesiand use
machine learning to autmatically produce fulbody dance sequences

[205][206][207][208][209][210]. Our approach to automaténareography design is
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inspired by this work, with 2 notéb differences: 1) While most of these efforts were
directed at the generation of meaningful, expressive dances that are synchronized with the
music, our primary focus is on developing a bidirectia@ace interaction that includes

real time interactivitywith a sociallyaware robot, rather than the quality of the dances
learnt by the robot, and 2) Most of this work applies the dance output to human skeletons,
stick figures or virtual characters, wth bypasses the complexities and limitations
imposed bythe mapping of the dancaitputonto an embodied robot with limited degrees

of freedom and pose realization speeds to execute an effective real time interaction.

In general, many pasHRI studies tht implement ASD interventions haasotaken a

primarily unidirectional approach to achieve their overarching goals by emphasizing the
process of ®“teaching” the child a skil!/ or
up the role of a teachetgmonstrator, instructor, behavior model or encouragtr the

goal of promoting a given skill or behavior. The flip side of the learning experience, that

is, learning by teaching, remains mostly overlooked. In such a case, the user becomes the
teacher ad the robot agent becomes the learner, whilst the psazs to consolidate and
reinforce the learnings of the us@ur work explores this aspect of skill learning by
incorporating two different roles for the robot as a dance partner; one wheiattsnand

leads the dance, and the other where it folldeaving the child in control.

4.2 Dance Interaction with a Multirole Robot

In this section, weprovide an overview of our robeassisted dance interaction design
where the robot gains social awareneseufh multimodal behavioral sensing and acts
with a high level ofautonony to engage a child in a dance activitihe process involves

the four main stages:
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Figure 24. An overview of the control architecture for dargely autonomous childobot danc
interaction. Our system implements &leywhere it senses behavioral cues from a user, inte
these to determine user egganent, decides a suitable role for the robot to assume next, ai
executes the selected robot action.

1. Sensing the behavioral cues through facial expression and pose capture,

2. Interpreting the sensatata to understand the user engagement @tdteh is
composedf anemotional stateganattentional state, araphysical activity levél

3. Utilizing the user state information to decide the next best action for the robot to
perform, and

4. Executing theselectedaction.

This cycle is repeated unthé inteaction ends and ilustrated inFigure 24. The robot
may act as either a leader or a followeedecision thas made byareinforcementearning
based modul¢hatlearns from the social cues to akxthe best course of action for the
robot ands discussedn detailin Chaptelb. In this section, w discuss the two robot roles,
details of the interaction desigmyr user engagement model, and the-tiea interativity

of the robothat is cruciain making the robot an effective dance partner.
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4.2.1 System Overview

Our robotassisted daneleased interactionsystem consists of seval important
components. The multimodal behaviosainsingcomprisesa facial expressiommnalyzer
thatusefA f f e c t i ex softward211] &anda 3-dimensional human posealyzertha

uses theMicrosoft Kinect (v1)[212] (or OpenPosg¢183] for a remoteuser stug as
discussed irBection4.2.8). It also includes a sequencer for all interaction events which
contains a RL-based decisiemaking component thatetermineghe most suitableext
actionin orderto personalize the robot behavior for each W§#rapters). In addition, all

the commands intended for the robot are sent through a central controller module that
handles allthe communication with the robot. The leadete dances are generated by a
trainedS2Snetwork that is implemented as an individual medthe followerrole music

is produced by a music orchestrdRit3] that generates musiccorrelatiorwi t h t he wuser’
poses. And lastlywe implemented pose mapping maotk that realizes the dance poses

in both roles onto the robeot real time Figure 25 illustrates these system compotsen

The facial expression analyzer was implemente@#nthe pose analyzer for Kinect was
written in C++,the music orchestrator was written in Java, and all other components were
implemented in Python, with TCP/IP connectivity to facilitate communicétetvween the

various components.

4.2.2 Intervention Mechanisms

There are severahtervention mechanisms that we incorporated into our dhased
interaction with a robot. Some of these were based on the techniques and dbatepés
implemented in ASD themy such as prompt fadingpreferred prompt types

reinforcements, and time delay. Other mechanisms discussed here were included to
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Figure 25. The main system compoigim our dance interaction design. These consist (
pose and facial expression analyzers that process behavioral cues from the user. The ir
events sequencer executes all the steps in our interaction design, witbintid REbase:
decisionmaker uses the behavioral data to determines the best robot actioS28networl
generates the robot dance sequences in the leader mode and the observed user pose ¢
directly to createthe follower mode robot movemanand musical output. Th®ose mappt
creates a mapping of the human poses for the robot body and the robot controller comn
all the received commands to the robot.

facilitate the interaction and/or encourage engagement, suedugsping the robotvith
the ability to socialize with thehdd, and ensuringhatthe child remained in contraif

terminating the interaction.

Prompt Hierarchyand Prompt FadingApplied Behavior Analysis (ABA) is a popular

ASD therapy thatfocuses onincreasng positive behaviors and decraag harmful or
negatve behaviorslt utilizes stimulus prompts, which asapportive antecedent strategies

used to encourage learning, promote independence, and nurture confidence in learners.
ABA uses pompt fading[214] asa corestrategy to determine the type and intensity of a
stimdus given to the individual receiving therapyromp fading is also an errorless

teaching mode]215], which aims to minimize mistakes made by arheras hey gain

92



mastery over a new taskhis is done through early and immediate prompting of the target
behavior in order to ensure a correct response from the learner. Once they become familiar
with the target, the prompting is systematically fadetil the learner can produce the

correct response without aeyternalstimulus.

This leads tdhe development of Eastto-mostprompt hierarchya typical example of

which is shown irFigure 26, andis described below:

1. Verbal: The instructor provides\erbal instruction to encourage a behayvsurch
as “Pick up your books."”

2. Gestural: The instructor provides gestural instruction ocueto encourage a
behavior such as pointing to the books

3. Visual: The instructor provides vislicues that help the leeer visualize each step
of the task at hand, such as cue cards depicting a child picking up their books

4. Modeling: The instructor modgthe behavior to the learnesuch as picking up the
books themdees.

5. Physical: The instructgphysicallydirectsthe learner to execute a behavisuch

as physically guiding them through the process of lifting and moving the books.

In such a hierarchy, the prompting begnith a presentation of the least restricprempt
(verbal)and progressively m@sto the mostestrictive promp{physical)until a positive
behavior is observed in the learner, wigrthe ransition betweenariouslevelsoccurs
whenthe learner is unable to produce the target behakiong he prescribed sponse

time.
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Figure 26. The leasto-most prompt hierarchy used in ASD therapy: on the leftaéshtararch
used in a typical therapy scenario, and on the right is the one we designed for odassiste
danceinteraction by taking the capabilities of the robot into consideration.

For our robotassistedlance interaction, natll the prompt categoriedescribedabove are
feasible As anexample, safetgoncerns as well as the limited capabilities of the robot
prevent it from being a suitable tdor execuing a physical prompt. As such, we used the
abovehierarchy as an inspiration to create onedarrobotmediated interaction, which

includes 3 leved (Figure 26):

1. Verbal(level 1} These include direct instructions to perform damcéscrease the
energy in the performancer even general encourageant to improve the
performance, but include no gestur&able 11 lists the verbal instructions given
by the robot at this prompt level.

2. Verbal and gestural combin@dvel 2) The robot delivers the s& verbal prompts
but accompaniedybgestures to emphkie the verbahstructions These are simple
gestures such as a brief dance sequence (like a shimmy), a thumbs up, a fist pump

etc. to support the verbal instructions (showitatle 11).

94



3. Incentive(level 3) Thislevel isincluded aameanstoimpromeh e chi | d’ s at t e
span by providing a netask break. There is evidence to support the use of breaks
and rest during learning tasks to improve task perform@ig&d[217]. This led us

toincude chil dren’ s | okes wavidéhan appartimitys pr o mp
for the child to relax and refocus on the task at hahe. jokes are accompanied
by meaningful, relevant gestures and the punchlines are followed by the playback

of a laughtrack Thesejokes arealsolisted inTable 11.

The prompt fding strategy was implemented across interaction sessions as well. This
means that if, for example, a child produced a desired behavior upon receiving a level 3
prompt(incentive) for robot action A imteraction session 1, if the child requires a prompt

for action A in session 2, the prompting will begin at level 2 (verbal + gestural), hence

fading prompts across sessions as well as within sessions in order to promote

independence.

Reinforcement Hierachy Reinforcement is a reward or a stimulus that fefia behavior

that makes the behavior more likely to occur in the future. It is also the key element for
behavioral change in ABA. This reinforcement is contingent; st it allows the patient

to m&ke definitive associations between a desired behawidrits consequential reward.

In line with the prompt hierarchy, we created a hierarchy of social reinforcers as a means
to give positive attention to a child upon degpng a desired behavif218]. The purpose,

once again, is to reduce the depem@en prompts such that unpromptedsitive

behaviors are rewarded more than thosergatire prompting.

The reinforcement hierarchy has 4 levels that progressively increase in intensity of positive

attention (details shown ifiable 12).
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Table1l A detailed dscription of the three levels of prompting used inrobot-assisted dance

interaction.

Prompt level

Example prompts

Verbal prompts

"Come on! | know you can do better than that!"

"You can do it! Letme see some energy in your dance!"

"Now can you show me your coolest dance moves?"

(Level 1)
"Alrightnow, show me your best moves! Yo
"Your turn! I'm so excited to see you dance!"
[Same verbal prompts aslievel 1+ gesturel
Your turn! I'm so excited to see you dance! Now show me your best moves! You can do it!
Verbal +
Gestural
prompts
(Level 2)
"Let me convince you to dance with me. | will you a joke and then you can shc
me your favorite dance!"
1. "What do you call a dinosaur that is sleeping? ... Adinore!"
I(Jpoclfzen;)lve "What did theleft eye say to the right eye?...Between us,etbimg smells!"
(Level 3) "What is brown, hairy and wearargglasses? ... A coconut on vacation."

"Why did the student eat himmework? ... Because the teacher told him it wi

2

3

4. "What did one plate say to the other plate?...Dinner is on me!"
5 piece ofcake!"
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Tablel12 A detaied description of the four levels of reinforcement used in ourfa¢sisted dance

interaction.

Reinforcement

Example reinforcers

level

"Good job! You did it!"
X_e;r\?gl 1) "Great job!"

"Well done! That was good!"

"Woooohooo! That was a good performance!"

"That was good! You're a great dancer!"

"Wow! You're really good at that!"

=

Verbal +
Gestural
(Level 2)
Verbal + "Wowwwww! You have some really cool dano®ves! That was wonderful!"
gaerl\it;ratory "Oh wowwwww! Your dancenoves are awesome! What a great performance!"
(Level 3) "Bravo! | totally love your dance moves! You should teachsometime!"
Verbal + "Wowwwww! Those were some amazidgnce moves! You're my favorite dance
(Cj:aerl‘it;ritory "Oh wowwwww! Your dance moves are awesome! You're a naturall”
Applause "Bravo! | totally love your dance moves! Will yaeach me too? | would love to dan
(Level 4) like you!”
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1. Verbal(level 1} These arasimple verbakncouagements to reinforce the positive
behavior.

2. Verbal and gestural combire(level 2} These include verbal reinforcers tlzae
slightly more positive than those used in level 1, and are also accompanied by
simple, positive gestures to support the verbaberagement.

3. Verbal with a celebratory danflevel 3: These include verbal reinfoers that are
yet more positive than those used in level 2 alongside a brief celebratory dance
sequence from the robot.

4. Verbal with a celebratory dance and applause tflestel 4} These include verbal
reinforcers at the sagnlevel ofpositivity as in lewel 3, alongside a celebratory
dance, as well as a brief applagsendtrack played in the background to form the

highest level of reinforcement that the robot can provide.

The reinforcement levels are inversely related toptioenpt levels; if a positivedhavior
is elicitedwithout apromptfrom the robotjevel 4 reinforcement is given, but if a positive
behavior is observed after delivering a level 3 prompt, only a teweinforcement is

provided.

Time DelayAnother consuct of ABA therapy is timalelay, which refers to the amount

of time between giving an initial instruction to a child and providing a prompt to help them
follow the instruction219]. When a child is first learning a new skill, the instruction and
the prompt may be given sintaheously, for example, the instructor may ask a dbild
pick up their books whdl also pointing at the books. However, as the child becomes more
adept at understanding the instructidine time delay between the instruction and the

prompt may be increade subsequently helping the child complete the taskemo
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independentlyThis timedelay can be constant, i.e. a fixed amount of time is given between
the instruction and the prompt, or progressive, i.e. the waiting time between the instruction
and the promt is gradually increaseds thechild becomes more pficient These
strategies i@ employed until the child no longer needs any prompts to execute the task or

skill.

In our interaction, we implemented a constant time delay of 10 seconds between the
instruction and the first prompt, as well as between al fisllowing promptsin the
hierarchy This provides an ample amount of time for the music playback and the
accompanying robot dancguring which all child behaviors are monitored to evaluate the
resporse.Shorter time duration@ seconds and 7 second®re also tested but were found

to be unsuitble forour dance interactiomlesignsince the music and robot movement

appeared to be tahortlived and abrupt for these durations.

Termination Control Children with ASD are known to perform better in enviramnts that
are structured and predictalf@20][221], showing improvements in responsiveness to
environmental stimuli when they occur consistently and predictBleing able to control
their enwronments is one of the ways children with ASD are abledpe, which also

explains the need for these children to adhere strictly to routines and scli2@B]es

The childrobot dance interaction preged in this work is a turbased activity that
concludeseach turn by asking the user if they would like to continue participating in the
interaction with the robot. This feature was implemented gpaltyf as a measure for
decreasing unpredictabilityheéreby minimizing possible sources of anxiahyd hence,
increasing complianc@dditionally, by consistently offering th choice to the child at the

end of every turn, not only are they able to mamtontrol ovetheir participation but
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they also larn to make decisions and think for themselves, therapyoving their sel

esteenj223].

RobotSocialization TechniquesThe social behavior ofe robot is crucial in achieving a
naturalistic and engaging cHRI. We incorporated several techniquesptove the

sociability of the robot.

Firstly, the robot introduces itself at the start of the interaction and says héi®child,
addressing thma by their name. It then continues to describe the dance activity to
familiarize the child with the task. This done in a very friendly manner, with the robot
showing excitement and eagerness to play withcthlel, andis implemented through a

combinaton of speech and supportive gestures.

The interaction subsequently follows a sequence of communications bétheedild and
the robot, depending on the robot role in each turn and the behavioral response of the child.
This can intude directions given tthe child for each turn and what they can expect, as

well as any necessary prompts, reinforcements, and ifaisaif changes in robot roles.

Additionally, certain interaction events may also trigger an inquiry presented by the robot
to the child regaraig their willingness to continue participation in the interaction. This can
happen in 2 scenarios: 1) If the Ichshows a lack of interest ihé activity during a turn

and removes themselves from the interaction, the robot is not able to collect ahy faci
expression or pose data, which serves as an indicator of disengagement, and 2) When the
turn comes to an enth both cases, the robot pretean inquiry to the child, asking to

confirm their willingness or lack thereof to continue the interactionntenadly, if the child
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wishesto conclude the interaction, a goodbye routine is triggered, in which the robot

expresses excitement and appreaatees child for participating, before saying goodbye.

Details of the introduction, inquiries and goodbye rowiageshown inTable 13. The 3
different albeit similar versions of the introduction are required for the doautic test
conditions in the user study described in Section 4.3. It must be noted here that although
the interaction design remains largelyangmous, it depends minimally on human input

for the child’s name and twreir response to t

4.2.3 Robot as a Follower

The first robot role is that of a follower. In this role, the child initiates the dances and the

robot imitates their mvements in real time. This imitation includes upper body movements

and body rotations, details of which aregerged in the pose mapping scheme (Section

42. 5) . In this scenario, the child’" s body mo
both the agles and the velocities of the detected skeletal joints dictate the musical pattern

that is generated. The chasgn joint angles and velocities are continuously tracked and

used to produce music that 1is restlipsaaglesi ve to

lasts at least 50 seconds or more in case prompting is required.

Why Follower Role?The follower role $ important in that it provides the child an
opportunity to take charge of the interaction, by controlling both the music orchestration
as wellas the movements of the robot. This also offers an opportunity for the child to
explore their own poses, movemgratterns and speed, as well as their impact on the
interaction dynamics. Hence, this role is designed to emphasize the skillsioftsgibn

and movement exploration in the child.
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Table 13. A detailed description of th@bot socialization behaviors we implemented to create an
effective social interaction for children.

Socialization category Verbal action
"Hello, [insert name]! My name is Nao. It's very nice to meet you! To(
Introducton we aregoing b dance to some of my favorite songs and have lots of fi
(only leader role) would love it if you danced with me too! Are you ready for some fun? 1
go!"
"Hello, [insert name]! My name is Nao. It's very nice to meet you! To(
Introduction we ae going to dance and have lots of fun! When you dance, you'll al:
(only follower role) creating music by moving your arms and legs! Let's see what kind of r
you can make! Are you ready for

"Hello, [insert name]! It's very nice® seeyou again! Just like the last timi
we are going to dance to some of my favorite songs! I'm also going to

Introduction you how you can make music witloyr dance moves! Then you can 1
some of your favorite dance moves and see what kind of music yo
make. Areyou ready for some fun? Let's go!"

“ Ok, [ start first. I " m goir

Turn start (leader role) withme!Try to keep up and foll ow a

"Ok, how about you start first? Ambtice, wheryou move, you'll be using

Turn start (follower role) your body to create musicl”

Role switch "Ok. Now you lead and | will try to copy your damoves. And remembe
(leader to follower role) you can even turn your movements into music!"

Role switch "Hey, this is one of my favorite songs! How about | lead this dance anc
(follower to leader role) try to follow along? Let's do it!"

Consecutive turns in leade "Ok, let's try it again, but this time, we'll try a different song! Let's go!"

role

Consecutive turns in "Alright! Let's try it again! This time, see if you can create a differ
follower role musical pattern with your movements!"

Inquiry “Hmmm. .. Remember that we can st
(when child not in iew) you like to keep going or do you wish stop here?"

Inquiry (whenturnends) “ That was a | ot of fun. Do you

"I had so much fun dancing with you! You'sach a great dancer. | gue
Goodbye it's time for us to get some rest now, buteam play again another tim
See yolagain soon! Goodbye!"
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Music OrchestrationThis is implemented using the JFugue 4.0 library in J224]. The

pose analyzeraptures and tracks the changing full body poses of the child, which, in the
follower mode, are sent to the music orchestri@b3B] in real time. Several conditions are
preset and stored in the music orchestrator. These conditiong defhapping between
joint angle and velocity ranges and the musical nibtaswill be played when the values

received from the pose analyzer fall within the said ranges.

When designing these conditions, we took into consideration the fact that magdt casu
dance movements depend on some joint movements more than otherexasnate, in
general, the knee and elbonovements contribute more to a dance than ankle movements.
With this in mind, our conditions included the angular and velocity data poiristfoteft

and right shoulders, elbows, hands, knees, and feet, instaadlwafing all 17 of the
tracked joins (detailsof the joint tracking ardound in Section 42.4). The angular
conditions were defined by splitting the entire range of motion (@stdel by Kinect) for
each joint into 2 ranges for legs and 6 rangeshHerarms, while the velocity conditions

included 2 ranges to indicate slow and fasvements for both arms and legs.

The GUI used to facilitate the design of these conditions is showigure 27. The
columnon the left shows the names of each conditiothe middle column describes the
condtions set within each conditional, and the action shows the details of the musical
output when the conditions become true. Within the actimmusical instrument as well

as the length and melody of the musical ravgedefined, as highlighted frigure 27. Any
conditional can easily be enabled or disabled as required: for example, if, for any aeason

child insists on being seated during thieraction, we can disable all the left and right leg
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0 Note length
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+RLeg-A2V1
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‘ ‘ DELETE

Figure 27. The graphical user interfaceansed to define the peemusic mappings in the mu
orchestrator R07]. A breakdown of the action commaithet generats the music output is al
shown, highlighting the instrument, note, note lengtid, melody settings.

conditionals from the GUI so that all musical outpudéserminednly by the upper body

movements

We mapped each of the four limbs to a different musical instrument so that a variety of
sounds area@nerated. A total of 128 different instruments and sound effects are available
in the JFugue sound bank, inclndiseveral different types of guitars, piaremdpipeand

string instruments, in addition to some ethnic instruments and wilkeellaneousound

effects. The 4 instruments used for our mapping were the piano, electric bass, electric clean

guitar, and he slap bass. The use of the JFugue streppisyer allows the dynamic
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generation of musical patterns at runtime, bypassing the need to cotistrantire pattern

before it can be played.

Therefore, theaforementioned methods n a b | e t h e seff to act ad thesmusicald y
instrumentoy makng changes in body posesponsible for the musical outpumithin this

robot role.

4.2.4 Robot as a Leader

The second robot role is that of a leaidawhichthe robot initiates the daimg). The dances
are performedad popul ar c ldetdildim Apmenhdsd) thahanegrgicipbtedo
be familiar to most childrenThese are upbeat, higimergy songs thare played in the
background at each tumthin the leader roleThe songs arsampledandomlyin every
leackr role turn from dibrary of 15 songsvithout replacemeniThe children are expected
to dance along with the robot but are free to mimic th®r movements dp create their
own. The robot dances are choreographed through a trained S2S networkoiheg pthe
dance segences for the selected song at runtime, whigte then realized on the robot
through the pose mappétach turn in this roléastsat least50 seconds or more in case

prompting is required.

Why Leader Role”The leader role is designed provide the childan opportunity for
physical activity. Thdiigh-energymusicaimsto encourage movement, which may include
dance movethatthe child may already know from previous exposure to the songs. It also
serves as a means to practice imitatikilss where a child may mirror the poses being
shown by the robot. Hence, this role is designgardmotephysical activity and imitation

skills in children
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Sequencelo-Sequence Learning for Dance Synthegids mentioned in SectioB.5, the
lack of effetiveness of existing robanhediated dance interactions as ASD interventions
can be partly attributed to the limited dancing abilities of thettdl¥e wanted to enable
our robot dancer tperformto a variety ofdifferentsongs, without committing to thabor

of manual choreography desigrhis led us tdormulate this as a sequenrtesequence
prediction problem that uses &$TM encoderdecodernetworkto learnthe mapping
between the audio features of the music andntbé&on features of the correspaimg
dances. The trained network is then usatiakeruntime predidbns ofthe dance sequence

output fora given song, where the dance outpuioisditioned on the music features

We used 15 YouTube videddetails in Appendix Apb f c hi | drteaeatsourd ances
own database of musto-motion feature set§Ve extracted the audio featurfes each of

the 15 songs in the database. These considtdte Mel-frequency cepstral coefficients

(MFCCs) which represent the shadrm power spectrum of sound Additionally, we

used a variant of OpenPose that generates 3D human pose esfonateal time

processing to extrachovementfeatures from theideos[183]. The dances included in

these videos are choreographadi freestyled, meaning that we were able to extract

multiple instances of the same damsegiluencérom asingle videoFigure 28 shows the

visualizatons of sample input® the networki.e., the MFCCs and the motion data

Thearchitectural details of thencoer-decodemodek used forthetrainingand inference
processeareshown inFigure 29. In the training modeltheinput_1layerrepresents the
audio feature set of size 40, which is thiee of the extracted MFCQeature array

Additionally, every frame bthe extractedmotion data contain8D coordinates for 17

joints. These are represented the input_2layer with a total of 5XeaturesHence we
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Figure 28. Visualizations of sample MFCC and pose iggiven to the LSTM encoddecode
networkthat outputs dance sequences for the robot in the leader.mode

haveformulated the mustto-dance synthesis as MIFCCsto-joint-coordinates mapping

problem.

For trainirg, we used a learning rate of 0.000Bh a decay rate of 0.00includedthe
RMSprop(Root Mean Square Propagatjaptimizer for performanceriprovements, and

used mean squared error (MSE) as the loss function. An 80:20 training to validation split
was sed in the training process for 100 epochs, with a batch siz&lbé&aining process

resulted in a MSE value of 0.0018.

The primary purposef this approach was tahieve atomate choreography synthesis

for the dancing robot. Though the resultingnca sequences can be improved in terms of
the meaningfulness of expressiand synchronization to the music beat, a simple approach
such as thene presented here was sufficient for purpose Other research efforts have
utilized more sophisticated audmocessing and deep learning techniquamfwove the
quality of thedance output[208][225][226], but these havemainly been applied to
characters and avatars that dut necessarily present the same challenges as embodied

robots some of which are discussed ircten 2.5.
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i nput: (None, None, 40)
mput_1: InputLayer
output: | (None, None, 40)
Y
nput: (None, None, 40) . mput: (None, None, 51)
Istm 1: LSTM mput_2: InputLayer
output: | [(None, 512}, (None, 512}, (None, 512)] output: | (None, None, 51)

T~

/

Istm 2: LSTM

mput:

[(None, None, 51}, (None, 512}, (None, 512})]

output:

[(None, None, 512}, (None, 512), (None, 512)]

mput: (None, None, 512)
dengze 1: Dense
- output: (None, None, 51)
a)
i input: | (None, None, 40)
mput_1: InputLayer
output: | (None, None, 40)
Y
nput: (None, None, 40)
Istm 1: TSTM
output: | [(None, 512), (None, 512). (None, 512)]

b)

. mput: | (None, None, 51) i input: | (None, 512) . nput: | (None, 512)
mput_2: InputLayer mput_3: InputLayer mput_4: InputLayer
output: | (None, None, 51) oufput: | (None, 512) output: | (None, 512)
\ r /
nput: [(None, None, 51), (None, 512), (None, 512)]
Igtm_2: LSTM
output: | [(None, None, 512), (None, 512), (None, 512)]

c)

dense 1: Dense

mput:

{(None, None, 512)

output:

(None, None, 51)

Figure 29. The LSTM encodettecoder architecture used toeate the robot dances in leader r
a) thetraining encoderdecoder network, b) the inference encoder, and c) the inference de

4.2.5 Pose Mapping Scheme

A full body pose mapping was implemented to enablebipedal, humanoidobot to
execute dance poses in real tiséince we used the Nao robete utilizedits Python
SoftwareDevelopmenKit for the pose realizationvhich implements several Application

Programing Interfaces (APIs) to control different aspects of the robot behewibr
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movement.We usedthe Joint Control API for upper body pose mapping and the

Locomotion Control API for body rotation mapping.

Upper tody jant angles required for pose mapping on Nao included the pitch and roll
angles for both shoulders and the raoidayaw angles for the elbowl an attempt to
minimize risks, dwer bodychild-to-robot movementmappingwas considerednfeasible

in orderto ensure the stability of the robot as well as the safety of the ¢isliéad, a body
rotation angle was calcu&d from consecutive pose data points, enabling the robot to
rotate to different angles without performing any unstable movements thanaiajt
prone to fallsA constant heathopping was also included toake the robot dances more

natural.The angle canputation was based on the work of Zhang et. 4R2].

With these strategies for pose mapping, our goal was @atecrconvincing dance
movements in the leader role, and reasonable pogations in the follower role. As
expected, there were several limitationur approach to reach this goallight of the

real time interactivity that is crucial in this interiact scenario:

1) The inability of the mechanical robot to manifest the pdsanges as quickly as
humans canlNao was found to realize one pose per seaanite ensuringa high
level of sability. Quicker implementations were also tested (as fast as onpgrose
0.7 seconds) but were found to be too abrupt and unstable.

2) The use o&verage pose changes over an interval ratheethamydetected change
Mapping every shift in pose onto thabot would mean compromising on real time
interactivity since the robatould take much longer to execute a dance sequence

than a human. Howeveaveraging the change also means that the nuances of the
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movements that create a dance are lost, diluting tegath accuracy of the

imitations in follower role.

4.2.6 Social Perception: Modeling and Interpreting Behavioral Cues

Our user engagement model wasigned to refledboth theaffective engagement and
thetask-related engagement. This was done to encompdieaffective responses thaite
exhibitedthrough behavioratues such as facial expressions and eye gaze attemkim

can sometimes manifestuibconsciously, as well as physical responses to direct dance
requests or prompts from the robot. This multimedpresentation was chosen to capture

a reliable measuref child engagement in the interactiolhe modalities were also
carefully chosento be suitable for remote data collection entirely through a live video
stream in virtual settinggjiven the outbrak of the Coronavirus pandemic during the time

of this stug).

Affective engagemenhas two componentemotional engagement and attentional
engagement. Emotional engagement is measured by the emotions expressed through facial
expressions, and attentiormglgagement is measured by the eye gaze attention given to the
robot during the interaction. Therefore, positive emotional expressions withattee g
focused in thedirection of the robot would yield higher affective engagement tiearral

or negative facieexpressions with the face turned away from the robot. Affdex generates
a number of facial expression features that describe the naturesaptessia, including

age estimate, gender, ethnicity, emotions, detafithe expression (such as lip pucker,
frown, smile, etc.), and matchingemoji. Theemotional engagement was categorized into

3 states: negative, neutrahd positive. Thattentional engagment waslsocategorized

into 3 states: unengaged, seangagedand full-engaged.

110



Since Affdex adgns a confidence value to eachtput feature, we used these values to
create an empirical mapping from its output values to our stateshe emotionstate
mapping, joy was mapped to the positive state, all other emotions were mapped to the
negative ste, and valence was used to determine when these confidence values were in a
range that were low enough to qual#ga neutral stateSurprisewas considered to be a
negative emotion based on the findings fi@28]. For attentional engagement, empirical
threshold values were used to define the mapping between the attention coefficient and the
attentional statethatwe defired for our modelDetails of tlesemapping are shown in

Table 14.

In the context of the dance interaction presented lasie;related user engagement is
measured by the physical activity level of a child when leading or following the robot in a
dance. Tis was quantified through the Euclideaormof the angular velodis of all the
tracked skeletal joins available from the pose data. Thisiqaiyectivity level was then
classified into 2 states: high or low, and an empirical threshold was set tauiistin
between the two states. However, given that children with ARDoften reportedot to

be as physically active as their TD counterpavesdid not consider it feasible to expect a
child to sustain a high level of physical activity throughout thetitan of a turn. This is
why we introduced the concept of activitgaks. Ahighphysical response maintained over

a duration of 4 seconds wesnsidered a peak. If the average activity level measured during
an observation period was above the set thidskite activity level was considered to be
high. On the other hand it did not meet the threshold, we measured the number of peaks.

If 4 pe&ks were found in the 58econd observation period or 1 peak in thesd€ond post
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Table 14. A summary of the mappisgetween the detected behavioral features and the state values we defined for our model.

Data Feature Observation  Metric State mapping
source
. Max average coefficients belongs to + emotion A positive
Joy, Disgust, - . .
. Max average Max averge coefficients belongs teemotion A negative
Contempt, Fear, Emotional . X o "
Affdex . coefficient over If + and—max average emotion coefficienteaqual A positive
Anger, Surprise, engagement ) S
response period If (max aweragecoefficientin low range (< 0.2) AND15 < valence < +15)
Sadness, Valence
A neutral
. - <30 A unengaged
Affdex Attention ';;(tgngfnneﬂt 'g‘\\//eerr?gse %?]esfgmi?ito d 30-80 A semi engaged
gag P P >80 A fully engaged
Average metric over response period >2 A high
Averagemetric over response period <=2:
o A if number of peaks sustained over 4 seconds durirgp&6nd
observation duration >= 4 A high
Kinect OR  Angular joint Task g t:]sueTvbz;iro?\f gﬁ;ktfoﬁufimed over 4 secgnijoswdurlmgpﬁﬁnd
OpenPose velocities engagement  where Qs the joint

number

prompt observation duration >= 1A high
if number ofpeaks sustaed over 4 seconds during-$6cond post
prompt observation duration <1 A low

A
A if number of peaks sustained over 4 seconds durirgpttnd post
A

where a pealsidetected when the average metric ovessaebnd interval > 2
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prompt observation period, the detected activity level was considerdae high.

Otherwise, it was mapped to the low activity state. Details can be fodrabla 14.

To quantify the enggement states, we first mappaagr component states to numerical

values:

1 Emotion states: {positive, neutral, negativg}{1, 0.5, 0}
1 Attentionstates: {fullyengaged, serengaged, unengaged} {1, 0.5, 0}

1 Task engagement states: {high, low}{1, 0}
Oveall engagementeng is thenmeasured as:

Qe QQEQ Qe Q (9)
whereengy is the affective engagement aedgask is the task engagement. In addition,

engs is computed as:

NEQ Qe™Q Q& "Q (10)
whereengmo is the emotional engagemeanid engut is the attentional engagemely

these definitions, @eng# O akd 00engO . 3

4.2.7 Real-Time Interactivity and Synchronization
In order to ensure that our robot is able to respond to interactiomsawereal timan a

meaningful manner, wémplemented a communication protocol between the Robot

Controller module and Nao. Every time a new command is sent to the robot, the Controller

must wait for the robot to finish executing the action before coimignwith the iteraction.

The robot executethe action and seadn acknowledgement (ACK) to the Controller to

signal that the execution is complete. The interaction can only proceed once this ACK
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message has been received. This ensures that the reBatai@ceive overlapping action
commandsathat the sequence of interaction events always remains in synchrony with the

robot actions.

This is particularly useful in case of unpredictable events such as the robot falling or taking
longer than usual toesponddue to networkelated issues. Sincge do not make any

assumptions about how long it may take the robot to perform any given action, and use our
communication protocol instead, such unanticipated events do not disrupt the flow of our

child robot interacton design.

4.2.8 Virtual Experiment Framework for Remote Data Collection

Due to the outbreak of th€oronaviruspandemic at the time this research was being
conducted, we were forced to conduct our user study in a remote setting, allowing children
to paricipatein this work from the safety and céonts of their own homes. The study was
performedover video meetings conducted through video conferencing applications, which
meant that all the required behavioral data needed to be acquired solely fromethe vid
stream This implied that we could no Iger use the Kinect sensor to collect pose data and
had to switch to using the OpenPose variant to gend@s® pose estimates in real time.
Sincethe quality and accuracy of the pose data from OpenPose is tloarghat from
Kinect, our sensing techniggs were compromised to some extent, but this was considered

a necessary measuweder the circumstances.

In addition to this was the poor picture quality resulting from netweldted issues, which
is a biggerproblemin that our only datasource carpotentially be compromised or
frequently disrupted over the course of the interaclibiere were additional challenges of

working with minimal control in remote settings: the rooms from where the children often
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Figure 30. A scene from a virtual session with our dancing robot through the vetedrimer
framework.

paticipated in these sessions were often neliait, did not offer enough space to capture
full-body pose data, and had many distractions in their backgrounds that contributed to the
difficulty of capturing accurate 3D pose estimatiohevertheless, coliing dl the
required behavioral data froliwe video streams gave asir onlyopportunity to validate

our workunder the given circumstancddie data presented in the user studgpection

4.3 was, thus, collected through our virtual experiment framkwostead of using the

real robot for thisetup, we chose to utilize Choregraphe, the simulation software for Nao,
which was shown to the participating children through sestaming during té virtual
interaction sessions. A scenefrom an interactionsessiondepicting the virtual data

collection process is shown iRigure 30.

4.3 User Study

In this section, we present the user study that was conducted to evaluate the engagement of
the children with the robot when it operated in a single role versus matesl We
hypothesized that the children would show a higher level of engagement with the

robot in the mixed-role mode as compared to the single-role mode. The study was

approved by the Institutional Review Board (GWU IRB# 111540). This section does not
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cower the criteria for role transitioning ind@hmixedrole mode, which is discussed in
Chapter 5. Here, it is sufficient to make the distinction between the operation of the robot
in the singlerole mode (only leader or only follower role within an inte@etession) and

mixed role mode (both leadand follower modes within an interactiorssan).

Given the constraints on participant recruitment for our study during the pandemic, we
chose to conduct an exploratory study with agxperimental study desigusing a one

group pretesposttest approdic This means that no control condition waed, and all the
participants experienced the same experimental conditions, that is, a pretest condition
followed by a posttest condition. The pretest condition caseprithe singleole
interaction, one sessiamth the robot in leader mode only and thiteer with the robot in
follower mode only, where the sequence of these twecenditions was counterbalanced

to eliminate order effects. The posttest condition cosegrithe mixed robot role

interaction.

4.3.1 Experimental Procedure and Setup

We disclosed thanteraction procedure and research purpose to the parents of the
participants prior to conducting the study. We also obtained consent from the parents for

their children” s parti ci pati on Idren participated iv @ weeldyt udy . 1
session, where they interacted virtually with the robot through video meetings. The parents

and the children were both informed that they could terminate a session at any tinaé witho

any consequences. As a result, the sassigere of variable lengths, meEndent upon the

child s interest and willingness to conti nuece

and the longest session last about 30 min@éthese weekly sessiormly the first 2 are

116



considered in this saoh (the remaining are evaludtén Section 5). The first session

formed the pretest condition and the second formed the posttest condition.

The children participated in the study from their homes. The pargpitsally set up a
computer with a webcam in dedicated roombut the expemental settings remained
largely uncontrolled: the lighting conditions, interferences from siblings, and network
conditions affected the experiments frequently and to differenedsgicross the sessions.
The children were sked to remain standing in froof the computer, at a distance that
allowed a fultbody view to be captured by the camera, but once again, this condition was
not strictly controlledDespite these limitations,ewvere able to derive some interesting

findings from the experiments conded through our virtual setup.

4.3.2 Measures
Given the small size of this study, we employed descriptive statistics to evhkriptetest

and posttest conditions this study These mcludean assessment tife

1) General interactionmetricss To i denti fy any changes 1in
result of the robot role, we compute tiogal number of turns, number of turnstire
leader role, number of turnstimefollower role, toal number of prompts used, number
of promps used irtheleader mode, number of prompts usethigfollower mode, and
number of successful turns (i.e. number of turns eliciting a high level of physical
activity). These metrics also help to draw a conguani between the engagement
generated by thivo types ofrobot roles.

2) Impact of mixed robot roles: We define engagement gain tag difference in child
engagement levelsetweenthe pretest and posttest conditions, which assesses any

changes in the engagent from the singleole to the mixedole node. Measurimgy
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engagement can be complex given the highly individualized nature of the expression
of interest in an activity. In an effort to obtain a metric that is standardized across the
participants, we usé¢é normalized differences in tpeetest angbosttest coditionsto

obtain this metric. In this way, we take into accouniniteal social engagement levels

of the various participants, who may all have different and unique starting piants.
ensure thiathe gain is computkat theindividual level, we define normalized change,

C, as:

) Qe Q Qe Q

:,"P Qe Q Q& Q
Q1 §I@0: Q0 QE'Q Q& QEin

PTTIRR QEQ GQ QEQ

P QEQ QEQ
It: g Qs Q@ Q& Q

Qe Q@ Q& "Q

€

11

whereengre is the average engagement lewethe pretest condition ar@hgystis the
average engagement lewelthe podest condition andengnaxis the maimum value

eng which equals 3 based on equai@and10. By this definition, the normalized
changel) equals normalized gain for students with higBagost than engyre, 2)
remains undefined for the participantsiwehgyre andeng.ostboth equaling O ogngnax,

3) equals O for participants with the saemgpe asengos, and 4) participants who have
lower engrostthanengre have negative gain scaled by the possible fmggntial loss
instead of the total poteatiimprovement.

Additionally, we also computeghe changesin the raw values of thendividual
components of the overall engagement metric, which are emotion, attention, and

physical activity levels.
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4.3.3 Participants

The targeted inclusion criteria for this dyuncludedchildren ofages between 5 to 8 years,
who havebeen diagnosed withSD andhaveverbal skills with Englishbeing the primary
languagespoken at homaNe conducted a power analysis to conclude aBlg@sample
sizeof 30for this study whichwasdetermined with 80% posv for a continuous endpoint,

dependent sample study.

We were, however, able to recruit only 3 participants that did not meet all the afore
mentioned conditions. The demographic infation is summarized imable 15. All three
participants werd\sian, nornverbal and did not primarily speak English at home. Two or
the 3 participants also exceeded the target age range for thiswitidthe mean age of

the 3 participants being 9.3 yeaf$iough theclinical details of the diagnes of all 3
paricipants remained undisclosed, we were able to estimate the severity of their symptoms
through a symptom checkli$229] filled out by the parents. These can be found i
AppendixB and show that all three participants experienced a majority of the typical ASD
symptoms, including limited social skills, lack of social interactions, repetitive behaviors,
avoiding eye contacha lacking empathy etd.he parents dParticipants 1 and 3 described
them as having little to no interest in music or dancing, whéadisipant2 was reported

to be fond of musical activities.

Table 15. Demographignformation forthe participants of the user study.

Participant ID Gender Age Race
1 M 10 Asian
2 F 7 Asian
3 M 11 Asian
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Given the size of the study, we relied @qualitative analysis to conduct a preliminary

evaluation of our system to inform a largeale futurestudy.

4.4 Results
We evaluated the singlele sessions versus the mixed role sessions for all 3 participants
to validate the effectiveness of the mix@de design in engaging children and encouraging

physical activity. This section presents the resultsftiois evaluation.

4.4.1 General Interaction Metrics

The descriptive metrics from all the sessions are summariZeabia 16. The order of the

two singlerole designs was counterbalanced, as can be seen from the session sequences.

The participants took part entotal of 7 turns in follower role only dgg, 13 turns in the

leader role only design, and 23 turns in the misad design. It should be noted that most

of the turns in the mixetble design are attributed Rarticipant 2 a discussion on which

is awailable inSection 45. Out of these turnsghere were 7 successful turns in the follower

only design, 12 in the leader only design, and 23 in the midledlesign, where success

in a turn is achieved when ashigkcThisshowstatp hy si c ¢
most tuns were able to elica high physical response from the children irrespective of the

interaction design.

Additionally, O prompts were given in the follower role only design, 5 in the leader role
only design, and 0 in the mixedle design suggestingha the robot behaviom the
follower role and mixedole designs was perhaps more engaging for the chiltivas,
requiring no prompting. However, it would be misleading to accepintigigoretatiorsince

it was very clear to all hman observers of the itdh-robot interactios that the leader role

120



design was more effective than the follower. The reasons are discessptehensively

in Section 4.

As can be seen fromable 16, the most frequently observed task engagement state, i.e.

the physical activity level, wasigh acrcss all 3 interaction designs. However, the most

frequently observed emotion and attention states contain mixed results but cannot

determine on their owri one interaction desigis more or less effective tharetiothers.

Table16. Summary metrics for the three participants from our user study that assesses the impact
of interacting with the robot in single role versus mixed rolesluld engagement (L: Leader, F:

Follower, M: Mixed).

Most Most Most
Session Session Total  Total # of Total #of frequent  frequent frequent
ID # of successful . i
sequence  type prompts  emotion attention task eng
turns  turns
state state state
1 F 1 1 0 Negative et High
engaged
1 2 L 4 3 3 positive  ullY- High
engaged
3 M 2 2 0 posive  "UIV- High
engaged 9
Positive/  Fully- :
1 L 8 8 1 Negative engaged High
2 2 F 3 3 0 positive " U- High
engaged
3 M 19 19 0 positive " U- High
engaged
1 L 1 1 1 Neutral Unengaged High
2 F 3 3 0 positive " ulY- High
3 engaged
Fully-
. engaged/ .
3 M 2 2 0 Negative Semi High
engagd

121



4.4.2 Impact of Mixed Robot Roles

Paired T-testTo compare the engagement metrics from the sirgéesessions versus the
multiple rolesessions, we ran pairedests(® = 0.05)on the averageverall engagment,
averageemotion,averageattention and averagdask engagement measures obtaineah

the 3 participants. This means that there were 2 patestd for each of thé measures,
one to compare the performance metrics of leader role session vd:rolxsession, and
the other for the followr role vs. mixedole session. This was done to evaluate if the
mixed roledesignhad a statistically significant impact on thegagement of a child
compared to either singlele design.However, we found notatistically significant
difference for anyf theevaluated measures, with alvplues exceeding 0.05. This is not

surprising given the smadlmplesize.

Figure 31 shows the changes in thaw averagevalues of the3 measures between the
single and mirdrole designs. Consideringigure 31a, which depicts the changes
between the leader role only and the mixel@ designs, it can be seen that the average
emotional ad attentional engagement f@articipant 2 increased in the mixedle
interaction, whié those for the other two participants shdwedecreasing trend. For task
engagement, participants 2 and 3 maintained a high state for both interaction designs, while

Participant 1 showed an increase in task engagement for the-noibeeidteraction.

From Figure 31b, participants 1 and 2 are seennaintain their emotion states between
the follower role and mixetble designs, whereas Participant 3 showed a decline in
emotional engagement in thmixedrole interaction. For attentional engagement,

Participant 2 showed an increagtgrticipant 3 showd a slight decrease while Participant
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Figure 31 Changes irthe raw values of thengagement components untieg singlerole anc
mixedrole designswherea) shows the changes between the leader role only vs. -nobe
conditions, and b) shows the chaadeetween the follower role only vs. mitete conditions
P1, P2 and P3 are thareeparticipantsfrom our user studgL: Leader, F: Follower, M: Mixed

1 showed a larger decline for the mixede design. For task engagement, all three

participants maintained a high physical activity level across both intaratgsigns.

Theraw engagement values and normalizedngfeavaluegor the 3 participantsre listed

in Table 17. Theseinclude thechangedetween both the pretest conditions (leader role

only and follower role only) and the posttest condition (mis@ds).Based orequation

11, thechange values indicate aig for both condition$or Participant 2 and lossfor

Participants 1 and & paired t-test was also performed for the normalized change data

for the 3 participants under the L vs. M and the F vs. M condijtmrigound no statistically

significant chage in thec values with the pvalue exceeding 0.05.
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Table 17. Overall engagement values and normalized engagement changes for the three
participants with the robot in a single role vars mixed roles (L: Leader, F: Follower, M:ikéd).
A gain in engagement occurs only for Participant 2.

Overall engagement, eng Normalized change, c
Participant
engre(L) engre(F) engost(M) engre(L) vs. engpost(M)  engure (F) VS. enghost(M)
1 2.250 2.375 1.500 -0.500 -0.583
2 1.500 2.834 3.000 1.000 1.000
3 3.000 2.711 1.750 -0.7143 -0.549

4.5 Discussion

The 3 participants interacted with our dancing robot in 3 different sessions where the robot
operated 1) only in leader role, 2) only in followele, or 3) in mixed roles. 1 and 2 are

the pretest conditions and 3 is the posttest conditiotim gtudy. While the size of the
study prevented us from deriving any definitive conclusions about our hypothesis, i.e., the
superior engagement capabilityaur mixedrole design over the singlele designs, we

made some very interesting observationsitorm the future of this work.

Firstly, the nature of the two robot roles is very different: contrary to the follower role
behaviors, robot dances in tleater role are determined by the output pfedrained S2S
network with no dependency on the ridsale behavioral data tracked during the chidtbot
interaction. Robot dances in the follower role are a real time imitation of the child dances,
as captureduring our videebased virtual data colleon process. Therefore, any noise or
disruption in thevideo directly impacts the follower role output, i.e. the robot movements.
This was obvious in this study, not only because the video quality was oftenocoisgut
during the interactions, but also bese the videbased, real time 3D pose extraction

natually underperforms compared to a sensor such as Kinect. It also had implications for
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the real ti me measur ement of prh atentohanl dr en’ s
physical activity), the vy source of whictis the videosteam
Thiswasclearly ef | ected in the children’s overarchi

dances as well. The leader role dances were driven by the music that wasfahrebaly

and fun for the children. The follger role dances were driven by the movements and music
orchestration that were both dependent on the real time capture of behavioral data. While
the leader role was a clear favorite for all 3 children, we dmecgssarily expect this to

be the case in am-person study in the future. We anticipate that fiblower role
imitations and music generation will be far more accurate,,fand responsive when the

data source is less noisy, making it easier for Hileren to perceive that they control the
robot and the music in this mode, which, in fact, is the very motivation for the follower

role design.

As a result of these factors, tmetrics and trends shownTrable 16 andFigure 31 cannot
be seen asonclusve but serve well to inform the design dhe future research.
Additionally, it must also be noted thatnmostcasegas can be seen from the datd able

6) the number of turns antencethe size of the collected dataset is too smatbiasider
the cepicted trends to carry significant weight. fact, any trends based on quantitative

metricsfor this exploratory stugdare expected to vary considerably as the dataset expands.

It is also important to consider lmeakdown of the robot role transitionimgthin the
mixed-role interactions. Thouglné details of its implementation are reserved for Chapter
5, it is importah to mention that the transitions were determined by a reinforcement
learningbased strategy. RL algorithms are known to be data humgryexqjuire many

datapoints to reach converge in the training process. As a result, in the 3 mnodel
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interactionghat arencluded in this study, the follower role dominatedrobot behavior.
The interactions for participants 1 and 3 did lastlong enough for them to experience a
truly mixedrole design(2 turns each in follower role onlybutthis was not the case for
Participant 2, whose session continued for 19 turns (13 turfadlawer role, 6 turns in

leaderrole), providing the algorithraufficient data to start exploring the actispace.

It would alsobeuseful to evaluate the results in the context of the behavioral tendencies of
the 3 participants. Participant 2, as gathered from the parental reports, was clearly the most
engaged othe 3 children. She had a hearing impairmehich preventd her from fully
understanding the robot instructions, but since she was very fond of music and dancing
Moreover, sincéner mother played an active role during her sessions to keep her focused,
she was the participant that showed most esittam for hesessions and participated for

the longest durations, as reflectedTinble 16. While the othertwo participants both
seemed more comfortable in the second session with the robot (as well as time huma
experimenters whose presence may have caddeany possible social anxiety), their

sessions remained significantly shorter than tho$auicipant 1.

The above findings also shed light on tresults presented ifiable 17, where only
Participant 2 show/a gain in engagement while the otheo participants show losses
These can be attributed to both the higher initial interest level of Participant®ic and
dancing, as well as their prolonged interaction with the robot enabling the personalization

strategy to take effect.

Anote mustalsbe made of the I mportance of the
i nteractions. Participant 2’s mother was

robot andfound creative ways to use the settiongehcourage her daughter ficactice

126

part

ver



verballanguage skills as well. She would ensure that at the end of every turn, the
interaction would not proceed until the participant vocalized her responses. These
responses i ncl udednov e ¢ a b'unlgaersy’ ,“smiocrhe amsusi c” ,
danci ngand?®“ %k e pgxamglesiofrsgch incidents are showrrigure 32a.

The interaction design was, therefore, used to motivate speech in the participant as well

and can possibly Heveragedn the future to eliit otherdesirablebehavios.

Anotherintee st i ng observation was the children’s
behaviors, paicularly level 3 andlevel 4 reinforcers that utilize@elebratorydancing

and/or an applause in the backgroufitiese wes very highly effective in that their
interpretation was very clear and did not require any language skills. The participants were

observed to respond to these celebrations with smiles, laughs and even imitative behaviors

Figure 32. Scenes depictingpme importaninteraction eventfrom our user study to evaluate
singlerole versus mixedole designs a) Participant shows fascination with the ro
celebrations and b) Parent uses the end of a turn to encourage verbal + signing skills
participant.
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to mimic the robot gestes. Somacenes depicting these incidents are cagtur€igure

32b.

4.6 Summary

We implemented a robatssisted dance interaction system as a means to promote physical
activity in children with ASD through the use of music and dance therapy methods. We
alo incorporéed the largely unexplored paradigm of |eagaby-teaching by
incorporating multiple robot roles that allow the child to both learn from and teach to the
robot Our work is among the first to implement a largely autonomoustimeafull-body

dance inteaction with a bipedal humanoid robot thataéxplores the impact tierobot

roles on child engagemeniVe conducted an exploratory study to evaluate the
effectiveness of our design and found no st a
engagement in singkeole and multiplerole interactions. While the children were observed

to respond positivg to both robot behaviors, they preferred the nuasicen leader role

over the movemerdriven follower role, a result that can partly be attridutethevirtual

nature of tle study.

Our stidy made some interesting findings regarding the role of tlempduring the child

robot i nteraction. While a parent’s presence
creative involvement can help chiéh practice skills that are not directlygated by our

interaction designsuch as language skillSine parents understand the unique needs of

their child more than others, they can use our platform in creative ways to target the
elicitation of specit desirable behavior©©Our work also suppts the use of therapy

constructs such as reinforcements, whadrve to reinforce positive behaviors, are

entertaining for the children, and can be useful in eliciting imitation skills in chiléren.
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in-person 8er studyin the futurewill help fully exploit the benefits of an embodied

interaction with a robot rathénan a virtual character.

In the next chapter, we explore the personalization of robot role transitioning within a
mixedrole interaction to studytd impact on sustaining child engagementaimlance

interaction with the robot. We employed reinforcemenalr ni ng t o personal i:
action selection to every child’”s unique be

higher levels of social engament in the child.
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Chapter 5

Mixed-Initiative Interactions with a Socially Aware Robot

With the introduction of the naltirole childrobot interaction paradigm ithe previous
chaptey the next step is to explore thmeportance othetransitions inroba roles within

an interactionMixed initiative interaction (MII)[138][230][139] is a flexible interaction
strategywhere humans and computer agents take initiatoveontribiute to finding the
solution ofa problem or achieving a goah our case, this translates to the following
problem: How can the robot assume the appropriate(ooleof the leader and follower
roleg in each turn of the dandsased cHRbE0 ago step closer and closer to achievitsg
goal of eliciting a high level of social engagement and physical activity in the chigiren.
designing this cHRI scenario as a mixed initiative interaction, we aimverdge the
benefits of each robot l®so & to achieve a synergistic impact on child engagement and

physical activity.

In this chapter, we formulated the given cHRI scenarionadRlaproblem and used it to
form the action selection strategy in this Mdésign The transitions were dependentthe
behavioral observations, meaning that $hetches inrobot roles were personalized for
every individual child. Wdirst testeda modelfree RL agent in simulation in order to
evaluate its suitabilityor the ral-world interaction. We then condecta ur study to
evaluatethe impact of increasing personalization on child engager@emtresults show

that the actiorselection policy evolves with successive interaction sessions with the robot
and provides evide® for the feasibility of our mixetble degyn for creating engaging

dance interactions.
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5.1 Introduction

Personalization of childobot interadbn is essential in creating intelligent ASD
intervention tools. For their role withian effective ASD interver@n or even asocial
interactiononly, the obots must, at first, be convincing social agd@&l1][232]. This
means that they should be able to generate coeateate actions inresponse to all
interaction eventas inhumanhuman interaction233]. Ideally, the robots would also be
standalone systems, autonomgudetecting events and environmental changesl

generating intelligent behavioral responses in real time.

Personalizationis spedically important in the case of ASIhterventions since autism is

a spectrum disorder with many different behavioral ifeatations, each child may have
symptoms and needs that are unique and entirely different from anotheagadhehild
with ASD [1]. Thereforetheunique and often stitimeeds of the target users demand that

therobots be able to provide tailored attention that maximizentbeventiongoals.

Though the field has experienced a recent stitft afocuson personalization of child
robot interactions, thisas been impleented more successfully in structured sgtimat
havewell-defined learning goals that can be objectively measured with relativefease.
example of this is the robot tutor applicatievhere the learning outcomes can be
objectively measured based on efided curriculum[142][143][234]. On the contrary,
defining suchmetrics in unstructured settings targeting behavioral interventions can be
more challengingincethe goals are not as constricted and dimensmmsersonalization

can be manifold.

131



The robot can grsonalie aninteractionby first learning about the emenment and the
chil d, sensing any c¢ hange dehavior(accdmplishedivi r on me 1
Chapter 4)so that an appropriate anelevantrobot action can be chosen to resptmd
those eventsuch hat the gains from the interacti@amne maximzed for each individual

child. This decisioamaking strategy is the focus of this chapter.

We used the modeiffree Qlearning agent to implement ®&ersonalized Role
Transitioning (PeRT) model, which determinesdiolein which the robot operates within

eah interaction turn. If the robot continues to operate in any one role for an extended
period of time, we anticipate that any child will soon lose interest in the activity. However,
when an RL agent determinestlrarsitions in robot roles, it does so lnacking and
responding to behavioral observations made during the interathi@enablegshe robot

to be responsive artdke meaningful actioa with fluid transitions between the actions

within the availableactionspace.

5.2 Action Selection Strategy for Mixed-Initiative Interactions: Reinforcement
Learning-based Personalized Role Transitioning

This section provides an overview of the action selection strategy implemented for our

mixed-initiative dance interactimdesgn. The goal is to adapt the robotadtansitions to

the observed behavioral responses from the child so as to enhance and maintain a high level

of engagement in the interaction. We formulate $sigisnarioas a reinforcement learning

problem, whichis responsible for selecting the most sbitanext robot action given the

current contextWe present this design as &R T model that enables the robot to flexibly

change its role within the dance interactiororderto leverage the benefits of bothe

leader and follower role paradigms fdretpromoton of physical activity and social
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Figure 33. The reinforcement learning framework used for robot action selection in our
assisted dance interactioBvery time an action is taken by the robot in this framework, a re
is yielded based on the changes in the observed engageatergs st result of the robot actior

engagement ichildren.In this section, we discuss the RL problem formulation and the

algorithmic agent we tested to achieve effective cordaesdre robot role switang.

5.2.1 System Overview

Our RL-base decisin maker dictatethe interaction between the environment, i.e. the
child, and the agent, i.e. the robas illustrated ifrigure 33. The decisiormaking process

is based on evaluating the impact of the actiohshe agent orthe environment and
selectiig an appropriate action for the next turn. It takes as input theiteutp the pose
analyzer and the facial expression analyzer, whuobduce our observations of the
environmentThe RL agent, which in our casea modeifree, Qlearning algorithm, then

selects an action for the robot to take.

Every action yields a reward and the goal of the RL agent is to learn to select actions that

will maximize the total reward over thduration of the cHRISince there isno model
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available to represent the prefeces of a child, the agent must learn through trial and error

and use its experience to select the best action at a givefotiagiven child.

5.2.2 Reinforcement Learning Problem Formulation

RL in machine learnings inspired by the concept of reinforcemenpsychology, which

we have already utilized to defin@ur reinforcement hierarchy in Chapter 4. Positive
reinforcement increases the likelihood of a behavior and negatinfercgment decreases

it. Each robotaction elicits a response from the child,igéhin turn yields a reward that
may be negative or positive. This reward is central to the functioning of an RL algorithm

since it enables it tmvestigate which actions leaad higher cumulative rewards.

We farmulated our chilerobot interaction as airdorcement learning problem since the

robot has no prior knowl edge of intphysicalc hi | d’ s
activity. By exploring the available actions,raystem must identify which role most

appropriate for the robot to execukence implementing the flexible Mtlesign,where

the robot and the child take initiative to
activity and engagemento do ths, we must firstormulateour inteaction scenario as a

Markov Decision Proces@MDP), which is a mathematical frameworkat formally

describs an RL problem. This assumes that our environment is fully observable, that the

future state depends on the present state, and that the abikfyctothe successor state

depends only on éhcurrent state.

MDP FrameworkThere ardour essential elementkat are required to fully represent an

MDP problem It can be described by atdple (S, A, T, R), where:
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1 Sis a set of agent and environmentesatviths™ S. Therefore, the state space is

defined as the set of all possible stateS.in

1 Ais aset of actions taken by the agent wath A. Therefore, the action space is

defined as the set of all possible actioné.in

1 Tis a probabilistic transitiofunctionthat defines the probability of transition from

state sattimet to state,s at timet+1 under actiora, whereTa(s, S )&= Pr G+1 =
S Pps=s a=a).

1 Risthe immediate reward that is received after a transitiongtors 6ccurs undr
actiona. Therefore,Ra (s, s )dis the reward function that maps statgionstate

tuples to rewards.

The RL model for our cHRI scenario is defined by the state and action spaces, as well as

the reward function that dictates the reward yielded by tawnagerfamed by the robot at

any given time during the interaction. However, the transition funclipis, not known

beforehand because we do not know how the environment will change in response to the

actions of the agents, that is, how the child wekpond tothe two robot roles. This
response is not only unknown at the beginning but coayinue toevdve over the course

of the interaction. Hence, the agent must continue to take actions in the environment,

observe the changes, and learn to takédse actio by gaining experiencé&his is called
model free learningnd Qlearning is the moddtee RLalgorithm we chose tkearn the

PeRT policy for our danceinteraction

State Spac®ur state space is defined as the set of engagement states thesaome
by a child during the interaction. As

engagement as a combinationtlbéir affective (saf) and task(sasy engagemenstates
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where affective engagement itself is composed of emoti@aa) and attentional(Sat)
engagemenstatesHence, we create a model of child engagement by incorporatimg the
emotion, attention, and task behavior stasgsis represented bsn {negative, neutral,
positive}and sa: {unengaged, sergngagedfully-engayed}. sask represents the physical
activity state of the child dkigh, low}. Numerical valueare assignetb each state domain

to obtain quantifiable state valuas follows:

1 semo: {negative, neutral, positives {0, 0.5, 1}
1 sat:{unengagd, semiergaged, fullyengaged} {0, 0.5, 1}

1 Sask:{low, high}={0, 1}

Details of the mapping can be foundTiable 14. Therefore, the state space consista of

total of [Semd X |Sat] X [Stasd = 3 X 3 x 2 = 18 states.

Action SpaceThe action spaceoasists othe different robot actiontghe selection of which

is determined byhe RL agent. In our case, while ttadot performs a number of actions,
such as introducing itself, greeting the child, delivering projgstd reinforcing certain
behaviors &., the ations that are personalized by the RL agent are the 2 robot roles. The
remaining actions are performed arrulebased policy and are always triggered by the
same sequence of events in the interactibiesice, the action space consistdadacr,

arollower = 2 actions in total

RewardFunction The reward function assigns a reward value to each action in the action
space. In our case, the highest engagement state that can be achieved by §sghild is

Satt, Sas = {positive, fullyengagedhigh}. Weset this as our goal stasgoa, Which receives
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a positive reward of +1. All other states are penalized basé&)l loow far theeare from

the goal stateand 2) the level of prompting required to achieve the said state.

ph Qi i

i Q0O Q (12)

wherepl is theprompting level angl N [0,1,2,3].

For example, it = {negative, unengaged, low4 {0, 0, O}with pl = 0 (i.e. no prompting
required), the reward i€.05 but whers = {negative, unengaged, lovw4 {0, O, O}with pl

= 3 (highest prompting levalequired) the reward is0.054, thereby penalizing higher
promptinglevelsmore than lowepromptinglevels. As another example, st {negative,
unengaged, lowy {0, 0, O}with pl = 0, the reward is0.05 but whers = {neutral, semi
engaged, highyd {0.5, 0.5,1} with pl = 0O, the reward is0.017, thereby penalizing low

engagement states more than higher engagement states.

As previously mentioned,gsitive rewards increase the frequency of a behavior while
negative rewards decrease the frequeRogitve reward, therefore, help to maximize the
performance on a given task, whereas negative rewards arenasdgl to maintain a
minimum performance ahdardBased on this criterion, we designed our reward function

to give a large positive reward to theahstateand a small negative reward to all other
states. This makesoa the objective state, meaning that it drives the end behavior of the
agent b achieve the best performance on a given task. All other states are the latent states,
which define howan agent perates in an environment on its journey to the objective state.
The coefficients in the reward equation were set after testing in simullataurgh trial

anderror, as discussed in Section 5.2.3.
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Q-Learning Our cHRI scenario presents a stocltashvironrment within which our agent

must operatel his means that there is uncertainty about the effect of each robot antion

that when the agent repeats the same action in a given state, the new state and reward may
not be the same each time. Thisans thathe child may not respond the same watht®

same robot action in any engagement state. Hence, to learn an optimal policy, we use Q
learning, which is a modédiee learning algorithm that is used when the agent does not
have prior knowledge ohe enviroment modelQ-learning learns this polidyy trial-and

error by making use of the history of interaction between the robot and the Tdtigd.
algorithm seeks to estimate thev@ue of all stateaction pairsi.e. Q(s, a) which isthe

expectedeward thaan agent will receive when selectiagactiona in state s.

We implemented a policy which seeks to balance the exploration and exploitation of the
action space. Exploitation refers to choosing the greedy action that yields the highest
rewardbased orthe current actiowvalueestimates of the agent. Exploration refers to the
selection of sumptimal actions with th goal of improving the current actieralue
estimates that can lead to letegm benefit. We used argreedy policy with set to 0.5

which means that the ageatploits the action space with a probability of @&d explores

the action space with a probability of (3 = 0.5 We also used a learning ratés 05, to

make sure the agerdlies equallyon itsprior knowledgeand therecent experience.

5.2.3 Preliminary Simulation Testing
Before testing our RL agent on reabrid interaction data, we investigated its performance
in simulation to get insights towards the development oPeRIT model. The goabf the

simulation is to define a set of environmeift.e. users) with different dynamics (i.e.
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preferencefor robotactiong and assess the capability of our RL agent to adapt to changes

in the environment.

Therefore we investigated its performance lyalatingdeterministic user behavewith

static preferences, aistbchastic usdsehavios, with probabilisticpreferences for the two
robot rolesWe simulated 3 types of user behaviors: 1) Preference for follower role over
leader role (UB1), 2) Prefeence for leader role over follower eo{lUB2), and 3) Similar
response to both roledB3). All 3 user behaviors were implemented in both deterministic

andstochasticddlomains

As an examplef a stochastic behaviddB1lis more likely to show high engagemevhen

the robot operates thefollower role thantheleaderole, that is, they prefer followeple

over leaderole. This was done by choosingt everyfollower role turn, Semo = positive

with a probability of 0.8 compared to 0.1 foeutralandnegativeeach sat = fully-engaged

with a probability of 0.8 compared to 0.1 f@miengagedandunengagectach, andkask

= high with a probability of 0.8 compared to 0.2 fow. On the contrary,teevery leader

role turn, we setemo= negativewith a pobability of 0.8 compared to 0.1 faeutraland
positiveeach s« = unengagedvith a probability of 0.8 compared to 0.1 &emiengaged
andfully-engageceach, andkask= low with a probability of 0.8 compared to 0.2 fow.

That is, undelUB1, highengagement states were selected with higher probability than low
engagement states within the follower role turns, whereas the opposite was true for leader

role turns.

The revers@robability combinations welenplemented fotJB2 to simulate a preference
for the leaderrole over the follower role turns and equal probabilities wedefined for

both rolesn UB3 to simulate the same preferendescase of a deterministic behavior, the
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preferences wer@waystrue withengagemergtate responsechosen defitively, without

using a probabilistic model

Figure 34 shows the averaged reward for every simulatimestep over the course of 3
trials, each implementing different combination of the three user behavi&each trial

starts with an empty -@ble, Iasts 30 timesteps, and corresponds to the behavior of a unique
user interacting with the robot. Each user starts with one of the 3 user behaviors defined
abovebut at timestep = 15, the behavior changes to a different type. SsetslwithUB1

and changetoUB2, User 2 starts witluB2 and changes toB3, and User 3 starts with

UB3and changes tdB1.
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Figure 34. Preliminary Qlearning resultshased on the tests done with thesmulated uses.
The plots show the averaged reward for ewg@myulation timestep over the coursela#3 trials.
Each tial lasts 30 timesteps and corresponds to the behavior of a unique user interacti
the robot. Each user starts with one of the 3 user behavior types but at timestep =
behavior change to a different type. Each user is also modeled to shderndimistic an
stochastic behaviors. As expected, the average reward for deterministic behaviors is hic
that for stochastic behaviors. The learning process is also more robust to sucdthgeshz
timestep = 15 in case tedeterministic behavis.
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These sudden changes of behaviors are meant to depigtiitecasescenario whereas in
reality we would expect more gradual changes to oddus.also alow for an assessment

of the ability of the RL agent to respond to evolving user preferences despite a temporary
drop in performanceAs is expected, the deterministic behaviors (reward ©).yield

higher rewards on average than the stochastiaviets feward - 6). In the case athe
deterministic behaviors, learning is also more robust to sudden behavior changes, as
evident from the performance after timestep = 15. It is important to note that the rewards
remain positive in both cases, showthgt thke agent is capable of learning how to adapt

the robot actions to the changes in the user behdvican also be seen that the agent
performs increasingly better aslditionalexperience is gathered over the course of the

interaction.

5.2.4 Additional Layers of Personalization
In order to ensure a robguided interaction that is tailored to every child, we sought to

incorporate additional aspects of personalization within our cHRI scenario.

Though the foremost form of personalization comes frorPéRE modeldescribed above,

an additional ruldased personalized prompting is also implemented. As an example, if a

child requires a level 2 prompt for leader role dance A within an interaction session, the

next time they encounter dance A either withindhme seson or the next, the prompt (if

required) is faded to a level 1 prompt. This discourages dependance on prompting by
providing guidance with a less intensive prompt than was lastdsed. ecor d of t he ¢
prompt usage is maintained@hich dictatesthe prompt selection for a given action within

a session, but also persists acithesessions. Initial prompting is dictated by the prompt
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hierarchy @escribed in Section 4.2.2) but repegbteaimpting for an action is determined

by this prompt fadig strategy.

Additionally, the robot always addresses the child by their name during the introduction at
the start of every interaction. This is also a form of personalizing the robot behavior for
every child. While the other two forms of personalizatidghexidepad on an RL or a rule
based strategy, the name addressing behavior depenkdsntaminput, requiring the

experimentet o manually enter the child’ s name bef

5.3 User Study

This section presents a user study that was conducted to tevahea impact of
personalization on child engagement with repeated -cbildt interaction sessiongVe
hypothesized that the child engagement will increase as the number of their
participation sessions increase. This is because as more interaction dataliected from

the repeated sessions, the RL agent will gather more experience, i.e. a larger number of
datapoints to learn from, hence resulting in an improvemeheimersonalization of fgot

role transitions.

The study was approved by the InstituabiReview Board (GWU IRB# 111540} he
same participants from the user study in Section 4.3 took part in this study awittell
the same constraints on participant recruitment. We conduutedtiidy as a repeated
measures design for a withsubject aalysis of all the interaction sessions involving
mixed robot roles only. Therefore, the robot operated in the amdiednode throughout

this study.
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5.3.1 Experimental Procedure and Setup

We disclosed the interaction procedure and research purpose to thes pEHrdhe
participants prior to conducting the study. We also obtained consent from the parents for
t heir children’s participation in Bwr user
session, where they interacted virtually with the robot through vigesiings. The parents

and the children were both informed that they could terminate a session at any time without

any consequences. As a result, the sessions were of variable |elegtisdent upon the

child’ s interest and osestsessiondastedsabdutiinatesc ont i nu
and the longest session last absfuminutes Sessions from the second week and onwards

were included in this study, in which the rolbperated in mixedole mode only. Week 1

sessions were already analyzed in ther study presented in Chapter 4.

As in the study from Chapter 4, tledildren participated in theemotestudy from their

homeghrough video meeting®©nce again, this implidargely uncontrolled settings, such

as lighting and network connectivity issubat affected the quality of the data collected.
However, we were able to monit ovthrdpdaled c hange:
exposure to our cHRI design and derseme interesting findings about the factors

affecting theirengagement with thebot.

Upon ending their participation in the study, the parents were also askesptmd to a
brief, poststudy surveyfAppendix C) that wameant to collect a higlevel understanding

of the children’s experience in the study.

5.3.2 Measures
To address theesearch question in this work, we evaluated the degree of personalization

attained by the RL agent for every user, as
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behavior withrepeated interaction with our rob&Ve, therefore, obtained the following

metrics

1)

2)

3)

General interaction metrics: To identify any trends in behaviors across sessions, we
compute general descriptive statistics sudhesotal number of turns, number of turns

in theleader role, number of turns thefollower role, total number of propts used,
number of promptssed inthe leader mode, number of prompts usedhafollower
mode, and number of successful turns (i.e. number of turns eliciting a high level of
physical activity).

Impact of personalization: To assess the difference ihild engagement levels in
conseutive interaction sessiojwe compute the changes in thegagement and the
individual components of the overall engagement metric, which are emotion, attention,
and physical activity levels.

Degree of personalization: To assess if the RL agent is indeed personalizing a policy
toa c hriedds| Wesderive a measure for policglation by computing a root mean
square (RMS) policy distand®35] betweentwo different sessiongl and m) of

Participantx as:

of B B u‘lrm“ L ihw (13)
S I o

whered is the distance between the policies from sesdiangdm, srepresents a state

from state spac8 anda represents an action from action space

5.3.3 Participants

The targeted inclusion criteria for this stuslgis the same as in Chapter 4, thathddren

of ages between 5 to 8 years, who have been diagnosed witladBiave verbal skills
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with English being the primafgnguage spoken at honigase&l on oupoweranalysis we
establishedh suitable sample size 80 for this study, which was determined with 80%

power for a continuous endpoint, dependent sample study.

Once againhowever,we were unable to recruit participants that met all the inmtusi
conditions and worked instead withe same 3 participants from the Chapter 4 study
(demographic informatiortan be foundn Table 15). Details of their diagnosis and
behavioral tendenciesn be found in Section 4.3.Barticipant 1 and 3 participatad 5
mixed-role sessions each while Particip@articipated ir7. Given the size of the study,
we reliedprimarily on a qualitative analysis to conduct a preliminary evaluation of our

system to inform a largescale future study.

5.4 Results
We evaluatedll the mixed role sessions for all 3 participantgiastigatethe impactof
increasing personalizatioon engaging children and encouraging physical activity. This

section presents thiesultsof this investigation

5.4.1 General Interaction Metrics

The desaptive metrics from all the sessions are summarized@aiple 18. Participant 2

took partin 7 sessions as opposed to 5 sessions each for Participants 1 and 3. On average,
the session length for Participant 2 was also longer than that of the gihdicpants,

with a total of 82 turns as compared to 19 and 15 for Participants 2 and 3ivespec
Success rates for Participants 1, 2 and 3 equal 89.47%, 90.24%, and 86.67% respectively,
where success is defined as reaching the threshold for physicalyadgeit all 3

participants, the robot operates in follower role for a majority of th&gractions with the
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follower role turns unanimously exceeding the leader role turns for the 3 participants.
Additionally, the number of promptequired in the followerole turns also exceed that
required in the leader role for all 3 participarfiggure 35 illustrates the trends in the

number of turns and the prompt usage in the two robot roles.

Table18 Summary metrics for the three partigifts from our user study that assesses the impact
of personalization of robot rolgansitioning on child engagement (L: Leader, F: Follower, M:
Mixed).

Participant  Session Total - Total # of L role F role Total # L role F role
ID sequence #of  successful turns turns of prompts prompts
turns turns prompts
1 1 2 2 0 2 0 0 0
2 6 6 3 3 2 0 2
3 7 7 3 4 5 3 2
4 2 1 1 1 3 0 3
5 2 1 0 2 4 0 4
Total 19 17 7 12 14 3 11
2 1 19 19 6 13 0 0 0
2 17 17 6 11 0 0 0
3 8 5 3 5 11 0 11
4 17 14 7 10 9 5 4
5 3 3 0 3 2 0 2
6 15 15 5 10 0 0 0
7 3 1 2 1 8 6
Total 82 74 29 53 30 11 19
3 1 2 2 0 2 0 0 0
2 2 2 0 2 0 0 0
3 1 1 0 1 0 0 0
4 3 2 0 3 2 0 2
5 7 6 2 5 4 0 4
Total 15 13 2 13 6 0 6

5.4.2 Impact of Personalization

To evaluateghe impact of personalization, we assess the changes measures across
the sessions in which each participant tpakt. Figure 36a shows heatmap of thask
engagement (i.e. physical activity changes)kigdre 36b shows a heatmap tfeoverall

erngagement of the 3 participants across their sessions. Notice that Participants 1 and 3 only
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took part in 5 sessions each, due to which the correspondirgE7 values remain
empty.As can be seefinom the plotsthe task engagement levels are mostly @gak value

of 1 for all three participants amdrelyfall below the 0.5 level. Additionallythe overall
engagement rarely drops below the halfway mark ®f dtaying mostly closer to the peak
value of 3 for all three participantgloreover the S7 enggement values in bothe plots

are found to be uncharacteristically low for Participant 2, which is not surprising since this
session was cut short due tarsotechnical difficulties that kept the robot from displaying

all the programmed behaviors.

Figure 37 shows the changes in the obsereeabtional éng:mg, attentional €ngx) and

task €ngasy engagemerdcross for Participari across the 7 sessions, i.e. 82 interaction
turns.We only present the data froRarticipant 2 in this illustration siechis is the only

dataset large enougb identify any trends in engagement states, if any. It is also the only
case where the human experimenters also observed substantial changes in behaviors over

the course of the interactiorasdiscussed in Sectidnb.
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Figure 35. Trends showing) the frequency adccurrence oéach robot role antd) the number «
required prompts in eactobot role within the interactionsf the three participants. On avera
the follower role ocars more frequently than the leader role, but also requires more pror
than the leader role actions.
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Figure 36. A heatmap o&) the task engagement (physical activity) and bptlezall engageme
of the 3 participants acrostheir sessionsThe task engagement is generally high for all tt
participants and rarely drops below 0.5. Télegagement rarely drops below the halfway ma
1.5, staying mostly closer to the peak value of 3 for all three participants.
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Figure 37. The observed emotional engagemenig{.o), attentional engagementrig.), task
engagementefgasy, and overall engagemener{g) for Participant 2 spanning 82 dar

interaction turns across their 7 sessions. Each sesfioation is marked by

the dotted vert|

lines. The state values defined by madelare marked horontally on each plot in green, bl
and yellow. As showengm.frequently becomesegative engs shows mostljully -engagedor
semiengagedstatesputengaskremains consistently high, showing high levels of physical a

throughout the sessisnThe overalengplot is a combination of the three
NG, and enghsk.
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The sessions are demarcated by the vertical gray lines. A majority efighe states are
positivebut a significant number of detected staiaainnegativethrough all the sessions
engx States remain mainljully-engagedor semiengagedwith only a 3 instances of
unengagedtates, 2 of which occur towards the end of the last sessiere techmial
difficulties occurred Similarly, engask also remains predominantligigh, with some

instances ofow physical activity scattered between 8i¢and the % sessions.

RepeatedMeasures ANOVATo examine the effect of repeated interactighsnce,
increased personalization) on child engagemem performed aRepeatedMeasurs
ANOVA (® = 0.05)teston the average emotion, average attention, aretage task
engagement measures obtained from the 3 participandss their interaction sessions
We found no statistically significargffect in all three cases with-palues of 0.8291,
0.3451, and 0.1828 for emotion, attention, and task engagerspattieely as shown in
Table 19. Here, theF-valuerefers to the fstatistic,Num DFis the number of degrees of
freedom inthe modelDen DFis the number of degrees of freedom associated with the

model errors, an8r > F is the pvalue associated witlé F statistic.

Table19. Results from the Repeated Measures ANOVA test on the engagement data collected from
the three participants from our user study that assesses the impact of personalization of robot role
transitioning on ciid engagement. No statically significant difference was found in any case.

Engagement component F-Value Num DF Den DF Pr>F
engmo 0.3621 4.0000 8.0000 0.8291
NG 1.3075 4.0000 8.0000 0.3451
€NQask 2.0305 4.0000 8.0000 0.1828
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Policy evolution showing the degree of personalization
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Figure 38. Normalized distancesbwveen the original policy, QO0, and the policy output afte
every session for the three participants. The distance shows a generally increasing trenc
sessions increase indicating a policy evolu@smmore data is collected.

5.4.3 Degree of Personalization

We compared the policy outcome of each session to the initial pQacyn order to get
an insight into how the policy was evolving with repeait@éractions through all the
sessions. We did this for all 3 participants by computing thé& RiMdtance between the
policy from every session ©Qo, as in equatiod3. The resultgreillustrated inFigure 38.
The distance generally increases as the sessions inanelasaing that the policy did
indeed evolve over timr participants 1 and But not forParticipant3. The policies for

all 3 participants do not to converge by the end of their last sessions.

5.5 Discussion
This section presents an interpretation of the results shown in SBetjaxplaining the
identified trends and evaluating timeplemented personalizati strategylt also discusses

these findings in light of the qualitative observations made by the human experimenters.

151



General I nteraction Metrics These findingsan beexplained in light of the behavioral
tendencies of the 3 garipants, as reported by their parents. As mentioned in Chapter 4,
Participant2 was the onlyone of the 3participantsthat thoroughly enjoyed listening to
music and dancing, whilBarticipant2 and 3 was reported to hawe fondnesgor these
activities. This is obvious in the number of the interactions they participated in, as well as
the lengths of their sessiordie success rates of the sessions for all 3 participatitate

high levelsof physical activity with all the participants reaching thmhysical activity
threshold over 85% of the times during their sessidhi indicates that our interaction
designcan indeed be effective in encouraging physical activity in children.

The larger frequency of occurrence of follower role compared to lealdespeaks to the

need for the RL agent to explore the action space more than it did, but further context is
alsonecessary. Firstly, the RL agent requires a larger set of data fjoo@ftsctively adapt

to the changes in user behavior. Participantsdl3adid not continue participation for long
enough to generate a large enough dataset for the learning to otbigevéral sessions
lasting only 2 turns and all their sessions lasting less than 10 turns each. Secondly, a
majority of these turns were aeessful, i.e. they yielded task engagement, meaning that
the reward given to the agent was high enough for it idiraee exploitationin fact, this

also points to the effectiveness of the follower role design in eliciting high activity levels.
Based orthe qualitative observations from the human experimenters, however, there was
frequently a need for the RL agentdwitch roles where it failed to do so. This can be
attributed, in addition, totheeedfoo ur engage ment trudo deenl g d goe nceanp t u
states. We evaluate engagement based on facial expressions, gaze focus and physical

activity levels only, while qalitative observations of the human experimenters
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unanimously detected decreases in engagement basedpfanguage, changes in vocal
expressions, and even facial expressions that could not effectively be captured through our
model.

The higher usage ofrpmpts inthefollower role can be attributed largely to the nature of

the follower role design and its dependencytba behavioral obsertians collected
through the videostreamin the virtual data collection framework that was highly
susceptible to netork connectivityrelated problems (explained in detail in Section 4.5).
Hence, it comes as no surprise that the leader role dances werappealing and elicited

a natural response due toithedependence on behavioral data capture, as well as¢he

of familiar songsthereby requiring fewer prompts for all 3 participants.

Additionally, the responses from the pastudy surveyare encaraging(Appendix C) The

parental reports suggest that the network issues caused frequent audio/video cutoffs, which
had a large impact on the user experience. Though not captured in the survey responses,
anothemrelatedproblem was that the video spedd at h e uappearedmsich slowdr

t han on t he e digplaymgonhearfew éramessperesatahd, which made the
robot movementseemtoo slow to show the full extent of the dancBEsis was caused by
bandwidth constraistwithin the video coferences applicatioin general, however, the

survey responses show that the parents observed an improvemdntan c¢ hdorhfaitr e n’ s
level, enjoyment, and overall engagement withtinuedparticipation in the study

Impact of PersonalizationFromFigure 36, the engagement of the participants across their
sessions show thaur danceanteractioncansustain a high level dask engagement and

overall engagement beyond the first few sessions as afédlr the novelty of the robot

wears off. This may bettaibuted to the number and selection of songs in our library that
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enable the robot to dance to 15 differemgs As we know, Participants 1 and 3 were not
very fond of music or dancing. This may explain the slight decreasesknengagement

and overalengageent acrosthesessiongor Participant 1butit must be noted thdioth
engagement levels still remaivithin the higher end of the scale. This was supported by
the human observations as well which reported an increase in comfort level during the
interaction: Participantl always looked for his chair to take a seat after every turn in the
initial session, but this tendency to sit between turns was seen to decrease as the sessions
increasedFor Participant 2, the slight drop in task engagemenégsios 3 and 4 may

also be explained by the technical difficulties that disrupted the flow of the interaction,
compromising our sensing techniques that depended heavily on an uninterrupted video
stream.For Participant 2, the uncharacteristically low aggmentvalues for S7 in both

plots are a reflection of the technical issues that occurred in that session, which caused the
session to be abruptly terminated.

In Figure 37, the changes in engagement for Particigdashow no clear increasing or
decreasindrends. This can partially be explained by the enthusiasm of Parti@pant

music and dancingvhich was sustained throughout the sessions. The frequency of the
negative emotional states can be attribpitegart to the quality of the image data, tak

from screengrabs of the video meeting application window, that is used to analyze the facial
expressiond\Network connectivity problems only added to the image quality issues. Based
on the observations from the humarmpenmenters, the participant didtndisplay many
expressions that could be considered to be neg&he wagprimarily either smiling or
presented a neutral expression. Physical activity levels shown in the plot are in agreement

with the human observatis, showing mainly high activitytates. Behaviors such as
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standingtoo close to the screen to closely observe the robot dances or running out of the
camera view were frequentlybserved andan help to explain the low activity states.
Additionally, the rdoot dances were often slow relatito theupbeat songs in the leader

role (and often appeared even slower to the participant due to the low frame processing
rates for the video meeting applicatiowpich can explain the low activity levels in cases
whenthe child attempted to synchronigteeir movements with those of the robdhe

overall engagement level also remains mostly above 1.5, indicating that the engagement
state remained predominantly high throughout the sessions.

It must also be noted that tieeare only 2 sessions out of théhat are uncharacteristically
short, each 3 turns long. Of these, the first was interrupted by network connectivity
problems and the second was disrupted by some technical issues in successfully running
the virtualsession

The RMANOVA results supporthte observations from the human experimenters, who
observed no significant changes in engagement behaviors for Participants 1 and 3. The
robot behavior in the follower role was difficult to interpret in the virtuadigtior all the
reasons detailed in Samt 4.5.With Participant 2, however, several interesting findings
were madeGi v e n, in particul ar, t he thpsevetitof i pant ' s
her ASD symptoms, it was fascinating to see the very fgasgstarting in the®@session)
thatshe wadeginning to understand the follower role as wel@®wn role in controlling

the robotFigure 39a shows different instances of the participant moving to the wall, with
herback facing the camera, repeatedly trying the same poseablyto test if shecould

either make the robot imitate tsamepose or trigger the same musical pattémrthe 6"

session, we al so saw further e vthedalowere o f t h
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role, wherebyshemoved to a pose, held it for a few seds(waiting for the robot to strike

the same po3gethen slowly moved to a different posdl the while keeping an eye on the
robot to see if it followedt is important to note thahese movements were in stark contrast
to the parti dflapp;ngdancss thatyefiequantly olsarved during all her
sessions. These movements were slower, more controlled, ardrigodaed, which were
unseen in all previous interactionstWween this participant and the robdtis new,
emerging understandingvas noted by the parent during the session as well, who
commented on how their chidas enjoyingthemselves more than usual duringithe

sessiorthat day It also points to the feasibility of the follower role design in encouraging

0t

Figure 39. Scenes depicting the evidence that Participant 2 started developing an under:
of the follower role functionality, showing the participant a) attempting to trigger the same r
pattern on three different occasionsgdam) trying to make the robot mimic their pose.
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movement explorationra initiativetaking in children.These scenes are capturied
Figure 39b as well.

Qualitative observations of the other 2 participants reported imitations of the robot dances
during leader mode arepecially during the celebratory dances at the endsateessful

turn. Responses to follower mode remained relatively low in compangoich we
attribute to a lack of understanding of the follower role functionality.

Degree ofPersonalizationThe results of policy evolution assessmentraresurprising

given that there are 36 stagetion pairs in our model, many of which remain either
unvisited or rarely visited in this preliminary study that yielded a very small dataset. This
can explain the dips in the policy distanceFigure 38 and the inability to anverge over

the course of the studgnd alsgpoints to the need for a larggcalestudy to accurately
assess the evolution and adaptability of the aet@action policy from the RL agent.
Participant 3, in particular, presented unpredictable and abespbnses to both robot
behaviors, generally showing low engagement, which is reflected in the slow decreasing

trend in their normalized distance plothigure 38.

On the whole, our findings emphasize the need and potential for personalization in robot
assisted interactions, but also point to a need to conduct$a@e studies for an Rhased
approach to become feasible. This means that the robot behaviors in the later sessions will
be personalized to a much larger degree compared to the prelimassions where the
personalization may be hardly noticeable. Given our very small action spaceunrdre

model, a simpler approach that does not utilize RL may even have sudfiéealst initially

For example, a random policy may also have madsahe impressiomn the participants
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as the personalized ones. However, it must also be noted that as the number of sessions
increase i.e. training dataset enlarges, a personalized policy becomes not only more
feasible but also more effective. For examfle, user responds initially to the novelty of

the robot behaviors but in time develops preferences such that they respond more positively
to the musiedriven leader role actions than the moverrgnien follower role actionsa
personalized policy willlequent the preferred actions more than others. On the other hand,
a random policy will remain random independent of the evolving behavioral responses of
the user.

Based on the lessons learnt from this work, we have made lsenglifications to our RL

aget. We pivoted tdhe Boltzmann policy rather than agreedy policywhich is known

to improve exploration of the action space. Preliminary tests show significant
improvements to the responsivenesthefRL agent under the Bamann policy We will

be utlizing the new agent as a part of our future workutther evaluate¢his system.

In the future, we may also look to reformulate our RL model to expand the action space to
fully leverage the benefits offered by reinforcemleatning. One way to achietieis may

be to personalize more than just tbhkot role selection through RL. For example, we could
also personalize the prompting such that the prompt preferences are als@iehthén

used more frequently than otherather than strictly followinghe prompt hierarchy. We

could also look to adapt the threshold for physical activity that is currently a fixed,
predetermined value that does not change for different types of users. This would enable
us to exploit the powerf@ur RL agent to a larger 20t and also offer a higher degree of
adaptability in the robot behavio’s.nested RL framework may also be explored in such

a designWe also believe that conducting this study in person will help to fully leverage
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the benefits of a robeassisted intexction elicit higher social engagememtnd help in
building a better understanding of the two different robot roles.

Another direction for the future could also involve an additional layer to the MIl design.
Currently, aur PeRT system determines when trabot switches from one role to another,
essentially allocating the designated role (one not taken by the robot) to the child. We could
consider an alternative design where the robot and child work in collaboratiormared s

task where the child also ithe ability to request a certain role. This could open up another
paradigm of chilerobot interaction, offering the child an opportunity to ssialuate and

initiate interactions, hence improving engagement.

5.6 Summary

In this chapter, we implemented a Mk Initiative Interaction that personalizes our cHRI
design through our Personalized Role Transitioning model. For every child, we tracked the
facial expressions, attention and task engagement behaviors to define thait ove
engagement in the interactiovith the robot. To achieve personalized interactions, we
formulated this scenario as a reinforcement learning problem by defining an action space
for the robot, a state space for the child, and a reward funatioich reinforces robot
actions that receesa high engagement from the child and penalizes those that receive low
engagement. We then trained an RL agent in simulation to evaluate its effectiveness before
testing it in the real world. We conducted an explorategr gstudy to assess the impact of
increased personalization on child engagement and found no statistically significant effect.
This was expected, given the small size of the studyptaliminary qualitative findings

areencouragingnonetheless.
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Theseobservations identified positiveanayes i n a participant’ s
actions over timewhich was a challenge given thietual nature of thestudy. A child was

found to repeatedly explore her role in making the robot acquirearcpdse and trigger

a specific musical ggern within the follower role, which remained the less popular of the
two roles in the study on the whole. This understanding evolved over time, which points to

the ability of our interaction design in maintainicigild engagement and to the ability of

the follower role design to help children explore their movements.

In the next chaptenve expand on the common themes and the challenges highlighted
throughout this work and situate our findings in relation to tfaedj challenges that are

yet to be addressl in the field of assistive robotics for ASD.
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Chapter 6

Conclusions and Future Directions

This dissertation presents a body of work that seeks to understanding how to effectively

use assistive robots to design chitdbot interactions that can encouegghysical activity

and promote social engagement in children with ASD. We conducted seseratudies

to evaluatesome salient aspects of this applicatioimcluding the design of a social
engagement model, tleffect of multiple robot roles within aahce interaction, and the

impact of personalization of robot role transitioning on physicéivigc and social
engagementln doing so, we created a childbot interaction design that implements
techniques used in ASD therapy, such as prompting, reerfact, and time delags well

asa soci al engagement modelspdnges. Wealso ¢treated a c hi |
two unique paradigms of robot dance behaviors, an architecture to choreograph robot
dances, and a mussynthesisplatform thatcoordinaés musical output with full body
movementsLastly, we also developealr PERT model to adapthe transitions in robot

roles so as to personalize the interaction
presented in Chapters 3, 4, and 5 infertme design of a robotssisteddancebased

intervention forchildren withASD and contributes to arbader understanding of the role

of personalization in cHRI.

In this chapter, we present a set of design guidelines for building effective-lozswd
interactions with an assistive robot for children with ASD. We also consider the grand
challenges that confront this field aodtlinesome recommendations for theure of this

work.
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6.1 Design Considerations
Through the user studies conducted as a part of this wakgathered insight into
designing effective dandeased interventions for ASD. These insights serve as evidence

for the following desigrguidelines:

1. An in-person interaction with a physical robot has a greater chance for success than
a virtual interactia with a simulated robot. Being in the presence of the robot and
being able to touch and interact with it in person contribute greathhdo t
understanding of its various behaviors as well.

2. In a virtual setting, music may be a greater driving force tharement in terms
of motivating physical activity in children. However, movement still has an
important role to play, but may be more effeetin an inperson interaction setting.

3. The choice of music is important. Children showed higher engagement when the
robot danced to a song they already kn#wvey smiled more, danced with more
energy, and even sang the lyrics along.

4. Robot dances must cam meaningful movement to be truly effective. While
random dance steps still have merit, until a robot can produEaningful
movementssuch ast ouchi ng or pointing to the
shoul der s, -khe patestial afrdahcdterapy through a robot cannot
be fully exploited. Additionally, the music and movements must be in sync with
each otler because even short lags can be very noticeable and confusing for the
children.

5. Reinforcements have a very important role in an interwenfor children,

especially those with ASD. These are very effective in emphasizengositive
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behaviors and discwagingtheless desirable behaviors. Their effectiveness can be

enhanced if accompanied with meaningful gestures, speech, and backgusimd m

etc.

The jokes thatve used as a part @lur prompt hierarchy are not the most effective

type of stimulation forthose children with ASD who also experience speech and

language difficulties. While TD children aratildren with ASD who have more

advanced language skills may be in a better position to appreciate those prompts,

the participants in ourstly were not asuitable audience for these jokésstead, a

more suitable alternative in this case may be the design of animal imitations where

the robot enacts animal gestures and sounds to provide some entertainment and a

break from the task at hand.

Allowingthechid t o “ f eel in control” is i

mportan

be mentally present during the interaction. By asking for their permission to

continue after evgrturn, we can ensure that the child is ready for more, is

overwhelmedand actually wats to be a part of the activity.

not

Realtime interactivity is key. The robot must be able to sense changes in behaviors

and respond to them appropriately and in a timely manner. This makes the robot

more persuasive in eliciting the target babes and enalels it to be seen as an

intelligent social entity.

Robot behaviors are more convincing if t

to be autonomous. Once again, this is linked to its ability to eheittarget

behavioral responses in chidgirand its apparance as an independent, intelligent

social agent.
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10.  Capturing an accurate estimate of social engagement throughvasive, videe
based methods alone is a tremendous challenge, especially when accompanied by
the need for redime processig of engagemerdata to generate responsive robot
behaviorsFor exampl e, if a child’ s engagement
to them running around the room without engaging with the robot, their movements
will still be interpreted by our model alkigh task engagment. Therefore,
contextualizing the detected behavi@amportant in acquiring an accurate child

engagement stathatremainsa considerablehallenge.

6.2 Future Directions
Based on the insights gathered from the user studies described in this winkbntig in

this sectiorvariousdirections for future work to improve upon the existing framework

6.2.1 Synthesizing Meaningful Dance Movement

In terms of achieving aaffective execution of robedssisted dance therapy, meaningful

dance movement is an anee for immediate impact. In our user studire€hapters 4 and

5, we encountered seveiaktancesvhere the children expected the robot to perform the

original choregraphy associated withthei deos of t h eForekampledin en’ s s
the “Hb&ey ®Song, the chil’'ds emo wewopdfmive d t hat
the lyrics “Now put your right foot in, yourt
al | about”, and experienced momenThaugly conf us
it did not always disrupt their activity levels, it is clelaatt meaningful movements would

be far more effective in engaging the children and may even cause improvements in

physical activity.
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This could entail the use a larger training dataset to traihSA®& network (described in
Section4.2.4), and the use ofare sophisticated audio processing techniques to achieve
cleaner audio feature extraction and even beat matching the dance steps. That being said,
similar impact could be achieved through manuabrebgraphy design, but the
cumbersome and timsonsuming niure of the task, when applied to a large song database,

is a challengeén itself.

It must also be noted that mechanical limitationposed bythe robot bodiess a large
obstacle irthe executiorof dances at a pace that matctieg ofhuman dance movesnt.

Hence, even if a networienerated dance output closely resembles the original
choreography and contains meaningful movement, realizing the constituent poses on a
physical robot may still ndte fully effective. This is because 1) it will be difficédtr the

robot to execute the movementspgcewith the music, and 2) webalanced lowebody
movements for a fpedal robot can be very tricky to achieve. Therefore, finding creative
ways to deigin and execute natural and meaningful choreographiesnsesasting line of

work for the future.

6.2.2 Comprehensive Engagement Modeling

Obtaining an accurate measurement of social engagement can be a notoriously difficult
task. Firstly, it can be a highgubjective measuredepending heavily on the nature of the

task for which the measurement is being made. For example, engagement Hbasedrd
memory game may involve tracking the length and accuracy of a card sequence, whereas
for a mathbased learnintask, it may be imgrtant to incorporate the choice of the solution
method and the accuracy of the final answer. Therefore, it becomes crucial to identify the

goal of the activity when designing an engagement model for a task.
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Secondly, the identificatioand measurement affect is an entire field of research in itself.
Deriving a comprehensive and accurate assessment of affect is an incredible claikenge,
thatis further complicated when the target usmtong taa population thainay not always
follow the typicalforms of emotional expressiorzor our engagement modelked in
Chapters 4 and, 5ve were restricted by our need to collecttalengagement data through
computer visiorbased approaches singer data collection process was entirely \attu
This forced uso compromise on a deeper understandingngagement by preventing the
use ofadditional modalities of affect expression. Physiological signals can provide an
insight into the internal state of a user but depend on obtrusive physisats¢hat must

be worn during the interaction, which was not feasible for our study. Vocal isfeewther
modality that carries significant merit, enabling an assessment of affect expressed not only
through semantics but also through certain propedigbe voice, including pitch and
loudnesg236]. Once again, this was not a good fit for our virtual data collection approach,
given thataudio data would not only be highly sugtible to interruptions due tthe
network connectivity problems, bwould also add to the comgdity of our reaitime
engagement evaluation methodololyloreover when working with nofverbal children

with ASD, the addition of this modality may not hasiéered a significant improvement

on our current model.

However, in the future when dperson stdies become feasible, designing a more
comprehensive engagement model could be an important step towards improving the

responsiveness and, hence, the persmatadn performance of the existing system.
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6.2.3 Robots as Convincing Social Agents

This direction of future work is closely tied to the previous two in that both meaningful
dance movements and accurate engagement recognition contribute to the ability of a robot
to appear as a more convincing social ageawever, additional layers of roboghavior

design can be included to make the robot behaviors more persuasive, hence making the
robot goals more attainable.

The display of novel behaviors is one way to imgréie likelihood of theéobotsbeing

vi ewed as “intel |l i gobaothhased ASD tintetvantoss.haviMizeeny pr i o
restricted by the limited set of behaviors the robot can exhibit, which very quickly makes

it uninteresting for the children and, teére, unconvincing in the task at hand. In our user
studies, there were frequenstances of the children expecting to see behaviors from the
robot that it was not capable of showing. In the work done in Chapter 3, children repeatedly
waved at the robotsnd initiated conversations with them, hoping for a response from the
robot. Howeer, those robatwere only capable of prgorogrammed speech, thereby
preventing us from fully utilizinghose opportunities for engagement.

It would be interesting to exple the incorporation of natural language processing (NLP)
capabilities into our sysm, which would allow the robot to be a more persuasive
conversational agent and improve the naturalness of therolitd interaction. It could

also open additional vensi®f research, such as takility to conduct empathetic dialog

and itsimpactonchildr e n’ s 't r u dMbreovenit couldevenpresénbopportunities
for the robot tgpersuade the child tefocus their attentiothrough conversation whenever

their engagement is found to be faltering.
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Moreover,the inclusion of features such #&acial recognition can add another layer of
personalization that is independent of human input. This maxéeuted by addressing
the child by their names (based on theogmition) andthrough he use ofpersonalized

behaviorssuch as greetings and goodbyes.

6.3 Grand Challenges

In this section, we consider the challenges facingtimemougask of designing effective
robotassisted interventions for ASD. This is a highlgssdisciplinary pursuiinvolving

a mix of research fidk, such as humambot interaction, affect recognition, personalized

machine learning, computer vision, and psychology.

Human Robot Interaction has been an emerging field of research over thveogpdetades

of which ASD interventions is a small but sifigant part. Research in the field began with
robot systems that were heavily dependent on human inpuhandalcontrol but have
since advanced towards autonomous systems that are now beconmeasimgly
personalized as welHowever, most of these stgms are tested in hightpntrolled
laboratory settingsvhere interaction scenarios are manufactured and cannot fully replicate
the real world. Recent efforts have focused‘imthe wild” designg237], where robot
systems are deployed real world settings to enable a natural interaction between a child
and the robot. However, collecting higiality interaction datasets with minimal human
intervention is indeed very difficult. This was a major chagkein our work as well, where

weconduct ed our studi es i n t he children’s h o

experience but had to compromise on the quality of the collected data.
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It is crucial, however, to move towards real world deployment of A&&rvention robot
systems to truly alidate their effectiveness. It must not be forgotten that the goal of
employing socially assistive robaits designing ASD interventions is not to replace the
human therapist, but rather to leverage the benefits offgrede robots to improvihe

chidren’ s rel ationships with other humans.
of improving their quality of life. A true validation of the effectiveness of any ASD
intervention cannot be made with a eimae intgaction study. Only studies that are
rigorous and longitudinal in nature can make a realistic assessment of the impact of an
intervention.Depending on the goahis could imply that the study monitors the progress

its participants over weeks, monthseven yearén orderto study thdong-term impact

on behavioral changesuman relationshipsindependent living skills, speech and
language skills educational performance ettargescale recruitment and lorigrm
participation are difficult targets fetudies involving children with ASEspecially given

their unigue needs arbe socialandfinancial problemsn whichtheir families often find

themselves.

6.4 Summary

This dissertation presents findings from our work on building effectivéd-robot
interaction designs for ASD interventiomssolving music an dance therapy. It explores
several techniques to sustain engagement and promote physical dstiuiilizing two
different robot behavior paradigms that encourage children to explwir body
movements and practice important sociah&viors. In this Chapter, we present some
evidencebased design guidelines for effective dance interaction design with a robot. To

further advance our knowledge of effective cHRI design, we also gighieveral
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directions for future work informed by thesights derived from our user studies. Lastly,
we ground our work in the context of the grand challenges that confront this field of

research.
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Appendix A

Video Library for Sequence-to-Sequence Network Training

Name URL
1 Il " ve been https://www.youtube.com/watch?v=
the railroad M UeZn3uJU
2 Despicale me https://www.youtube.com/watch?v=
f dEcgeJWo

3 Who let the dogs out https://www.youtube.com/watch?v=
AFzBJ3H3o0c

4 The freezegame https://www.youtube.com/watch?v=
ebf3dGGdFg

5 Happy birthday https://www.youtube.com/watch?v=
FQKh3hMegM

6 Happy and you kne  https://www.youtube.com/watch?v=

it 3vAAfVswzc
7 Itsy bitsy spider https://www.youtube.com/watch?v= R
HOMIy0OVCoY

8 Old MacDonaldhad a  https://www.youtube.com/watch?v=
farm BljRY3ad U
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https://www.youtube.com/watch?v=M_UeZnJ-uJU
https://www.youtube.com/watch?v=M_UeZnJ-uJU
https://www.youtube.com/watch?v=Jf_dEcgeJWo
https://www.youtube.com/watch?v=Jf_dEcgeJWo
https://www.youtube.com/watch?v=qAFzBJ3H3oc
https://www.youtube.com/watch?v=qAFzBJ3H3oc
https://www.youtube.com/watch?v=0ebf3dGGdFg
https://www.youtube.com/watch?v=0ebf3dGGdFg
https://www.youtube.com/watch?v=4FQKh3hMeqM
https://www.youtube.com/watch?v=4FQKh3hMeqM
https://www.youtube.com/watch?v=n3vAAfVswzc
https://www.youtube.com/watch?v=n3vAAfVswzc
https://www.youtube.com/watch?v=tHOMIy0VCoY
https://www.youtube.com/watch?v=tHOMIy0VCoY
https://www.youtube.com/watch?v=nBIjRY3ad_U
https://www.youtube.com/watch?v=nBIjRY3ad_U

Bingo

https://www.youtube.com/watch?v=
WIfgEOCO5Lx0

10

Wheels on the bus

https://www.youtube.com/watch?v=
CngrPOrFgcl

11

Hokey pokey

https://www.youtube.com/watch?v= -
6d6Avbpjf8 B S

12

Tooty-ta

https://www.youtube.com/watch?v=
AXz913BPIM

VeouiyHEHEY

13

| am a gummy bear

https://www.youtube.com/watch?v=
mYLhX6aJ320

r’-r«;i

14

ABC

https://www.youtube.com/watch?v=
AXyI5A0PP4

15

The penguin dance

https://www.youtube.com/watch?v= %

3c3UTYNZ6Q

o peng el hers?
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https://www.youtube.com/watch?v=CngrPOrFgcI
https://www.youtube.com/watch?v=d6d6Avbpjf8
https://www.youtube.com/watch?v=d6d6Avbpjf8
https://www.youtube.com/watch?v=dAXz913BPlM
https://www.youtube.com/watch?v=dAXz913BPlM
https://www.youtube.com/watch?v=mYLhX6aJ32o
https://www.youtube.com/watch?v=mYLhX6aJ32o
https://www.youtube.com/watch?v=6AXyl5A0PP4
https://www.youtube.com/watch?v=6AXyl5A0PP4
https://www.youtube.com/watch?v=c3c3UTYNZ6Q
https://www.youtube.com/watch?v=c3c3UTYNZ6Q

Appendix B

Participant Symptom Checklist for Robot-Assisted Dance

Interaction Studies

Participant 1
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Participant 2

THE GEORGE

WASHINGTON . _
DR ERe oy Participant Check-In Form

WASHINGTON, DC

Please check all that apply to the participant.

Traditional Signs of Autism Spectrum Disorder:

B BB OR RE M

Social impairments (lack of friends, lack of social interaction)
Limited social skills

Cognitive impairments

Nonverbal or delayed speech

Repeats words or phrases

Repetitive behaviors

Lacks interest in cooperative and/or imaginative play
Aveids eye contact

Lacks “empathy™ or understanding of others” feelings

B E E E

kRl O

“Atypical” (lesser known) signs of Autism Spectrum Disorder

HE B EHBEEQDE B B E

BB OO

O

Hyperactivity

Impulstvity

Short attention span

britabality

Self-mjury

Meltdowns

Difficulty sleeping

Limited tolerance to new foods, very picky
Unusual behaviors, “quuoky™

Seared of unusual things, nervous a lot

Difficulty making and keeping friends (wants to make friends,
but doesn’t know how)

Prefers talking to adults or younger children
One-sided conversations, has trouble histening
Spends a lot of tme alone

Repetitive behaviors, such as pacing or hoppmg

Flapping hands or simming, but less obvious, such as finger
fluttering or tapping

Limited imaginative play, prefers tangible tasks like playimg an
instrument or buldmg Legos

O

Oo0Ooo

]

199

Dhfficulty with transifions and change
Obsessive interests
Flapping hands, recking, spinning

Unusual reactions to the way things sound, smell, taste, lock, or
fael

Avords physical contact

Little zafety or danger awareness
Exireme anxiety

Interest in order (ining up toys, ete )}

Low self-esteem

May have delayed speech, or may learn to speak on time or
aven early, but may have urusual speakmg patterns or use
words in unusnzl ways (may even nse very aduli-style
vocabulary)

Very quiet, or conversely very talkative
Severe separation anxiety
Fearful of crowds

Strong response to loud poises, strong smells, unexpected
touch, and other sensory expenesnces

Meltdowns or other strong behaviors as a response to
unexpected changes in rontine and/er transitions

Difficulty following verbal directions
May chew intensely on objects, like shirt collar or sleave

OCD-style behaviors, such as repeated counting or nead to
have things remain the same

Difficulty understanding socizl inferactions that seem
instimctive, such as: takmg tums, shanng, asking questions,
apologizing for a mistake {or conversely, over-compensating
becaunse of confusion about socizl rules: apologizing
frequently, ziving toys away, asking mappropnate questions,
ate.)



Participant 3

THE GEORGE

WASHINGTON Participant Check-In Form

UNIVERSITY
WASHINGTON, DC

Please check all that apply to the participant.

Traditional Signs of Autism Spectrum Disorder:

EEEEEQ OCOD

“Atypical” (lesser known) signs of Autism Spectrum Disorder

BEERE R OOODOO®R OO

HEEOO

=

Social impairments (lack of frends, lack of social interaction)

Limited social skills

Cognitive impairments

Nonverbal or delayed speech

Repeats words or phrases

Repetitive behaviors

Lacks interest in cooperative and/or imaginative play
Aveids eye contact

Lacks “empathy™ or understanding of others” feelings

Hyperactivity

Impulstvity

Short attention span

britabality

Self-mjury

Meltdowns

Difficulty sleeping

Limited tolerance to new foods, very picky
Unusual behaviors, “quuoky™

Seared of unusual things, nervous a lot

Difficulty making and keeping friends (wants to make friends,

but doesn’t know how)

Prefers talking to adults or younger children
One-sided conversations, has trouble listening
Spends a lot of tme alone

Repetitive behaviors, such as pacing or hoppmg

Flapping hands or simming, but less obvious, such as finger
fluttering or tapping

Limited imaginative play, prefers tangible tasks like playimg an

instrument or buldmg Legos

Dhfficulty with transifions and change
Obsessive interests
Flapping hands, recking, spinning

Unusual reactions to the way things sound, smell, taste, lock, or
fael

B BB O

Avords physical contact

Little zafety or danger awareness
Exireme anxiety

Interest in order (Lining up toys, ete.)}

O o0&\ O

O Low self-esteem

May have delayed speech, or may learn to speak on time or
aven sarly, but may have umusual speakng patterns or use
words in unusnzl ways (may even use very aduli-style
vocabulary)

Very quet, or conversaly very talkative

Severe separation amxiety

Fearful of crowds

goo®

Strong response to loud poises, strong smells, unexpected
touch, and other sensory expensnces

O

Meltdowns or other strong behaviors as a response to
unexpected changes in rontine and/or transitions

Difficulty following verbal directions
May chew intensely on objects, like shirt collar or sleeve

O& o

OCD-style behaviors, such as repeated counting or need fo
have things remain the same

EL- Dafficulty understanding socizl inferactions that seem
instinetive, such as: takmg tums, shanng, asking questions,
apologizing for a mistake {or conversely, over-compensating
because of confusion about socizl rules: apologizing
frequently, ziving toys away, asking inappropnate questions,
ate.)
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Appendix C

Post-Study Parental Survey for Robot-Assisted Dance
Interaction Studies

Participant 1

Survey - Dancing Robot Study @ GWU

Thank you for your participation in our study with the dancing robot. Please take out ~5 minutes of your
time to answer these questions regarding your child's experience. Your feedback is very valuable in our
effort to create more effective robot-assisted interactions.

Email *

| found this study to be valuable and a positive experience for my child. *

Very strongly disagree @ Very strongly agree

My child likes the robot used in this study and has formed a bond with it *

Very strongly disagree @ Wery strongly agree

The dance interaction enabled my child to be more physically active than usual. *

ery strongly dizagres @ Very strongly agree
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The dance interaction improved my child's tolerance for loud sounds, music, and dancing. *

1 2 3 4 3

Very strongly disagree {:} O @ O O Very strongly agree

My child’s communication skills improved as he participated in more sessions. *

Very strongly disagree O O @ C O Very strongly agree

My child was able to understand the robot’s instructions during the activity. *

Very strongly disagree O @ G O O Very strongly agree

The robot’s behaviors were meaningful and helped guide my child during the activity. *

1 2 3 4 3

Very strongly disagree O @ O O D Very strongly agree

My child was able to understand the difference between the two robot modes. *

1 2 3 4 5

Very strongly disagree O @ O O O Very strongly agree
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The rebot’s leader mode (dancing to songs) was more effective than the follower mode
{imitating the child). *

1 2 3 4 3

Very strongly disagree O D O O @ Wery strongly agree

My child’s comfort level in the interaction with the robot improved as he participated in more
SES5I0NSs. *

1 2 3 4 5

Very strongly dizagree C-" O G D @ Wery strongly agree

My child’s overall engagement in the interaction improved as he participated in more sessions.
&

1 2 3 4 3

Very strongly disagree D O O O @ WVery strongly agree

My child started to show new, positive behaviors since participating in this study that may be
related to the dance interaction with the robot (for example, using new words, imitating robot
gestures or dances on days there was no scheduled session, asking about the robot sometime
during the week post their session etc.). *

Very strongly disagree O O @ D 0 Wery strongly agree
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If the above statement is true, please elaborate.

Do you notice your child exhibiting any behaviors while interacting with the robot that you do
not otherwise see? (As an example, are they imitating robot gestures, or making more eye
contact, or talking about the robot much later after the session is over, or starting to enjoy
musicidancing more than they previously did, or getting more physical activity during the
activity than they otherwise did?) *

Very strongly dizagres {__:' D @ G D Very strongly agree

If the above statement is true, please elaborate.

My child is likely to be equally engaged in a dance activity that involves only YouTube videos
and no robots, *

Very strongly disagres O O @ O O Very strongly agree
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The experience was affected by problems with the virtual study platform (such as connectivity
issues, glitches in the video, video speed too slow etc). *

1 2 3 4 5

Very strongly disagree O O O @ O Very strongly agree

I would prefer to participate in this study in-person rather than virtually. *

Very strongly agree D O O D @ Very strongly disagree

If you have any additional cbservations, explanations or thoughts regarding your child's
experience, please state them here,

If you have any comments on how we can improve our robot-assisted interaction design in the
future, please state them here.
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Participant 2

Survey - Dancing Robot Study @ GWU

Thank you for your participation in our study with the dancing robot. Please take out ~5 minutes of your
time to answer these questions regarding your child's experience. Your feedback is very valuable in our
effort to create more effective robot-assisted interactions.

Email *

| found this study to be valuable and a positive experience for my child.

1 2 3 4 5

Wery strongly disagree @ Very strongly agree

My child likes the robot used in this study and has formed a bond with it. =

1 2 3 4 5

Wery strongly disagree @ Very strongly agree
The dance interaction enabled my child to be more physically active than usual. *

1 2 3 4 5

Very strongly disagree @ Very strongly agree

206



The dance interaction improved my child's tolerance for loud sounds, music, and dancing. ~

1 2 3 4 5

Very strongly disagree O O O O @ Very strongly agree

My child's communication skills improved as he participated in more sessions. *

1 2 3 4 5

Very strongly disagree O O O O @ Very strongly agree

My child was able to understand the robot’s instructions during the activity. *

1 2 3 4 5

Very strongly disagree o O O ® O Very strongly agree

The robot's behaviors were meaningful and helped guide my child during the activity.

1 2 3 4 5

Very strongly disagree O O O @ O Very strongly agree

My child was able to understand the difference between the two robot modes. *

1 2 3 4 5

Very strongly disagree O O O ® O Very strongly agree
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The robot's leader mode (dancing to songs) was more effective than the follower mode
(imitating the child). *

1 2 3 4 5

Very strongly disagree @ @ @) @) ® Very strongly agree

My child's comfort level in the interaction with the robot improved as he participated in more

sessions. ™

1 2 3 4 5

Very strongly disagree O O O O @ Very strongly agree

My child's overall engagement in the interaction improved as he participated in more sessions.

*

1 2 3 4 5

Very strongly disagree O O O O ® Very strongly agree

My child started to show new, positive behaviors since participating in this study that may be
related to the dance interaction with the robot (for example, using new words, imitating robot
gestures or dances on days there was no scheduled session, asking about the robot sometime

during the week post their session etc.). ~

1 2 3 4 5

Very strongly disagree @ O O O O Very strongly agres
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If the above statement is true, please elaborate.

Do you notice your child exhibiting any behaviors while interacting with the robot that you do
not otherwise see? (As an example, are they imitating robot gestures, or making more eye
contact, or talking about the robot much later after the session is over, or starting to enjoy
musicidancing more than they previously did, or getting more physical activity during the
activity than they otherwise did?) *

1 2 3 4 ]

WVery strongly disagree O @ O O O Very strongly agree

If the above statement is true, please elaborate.

My child is likely to be equally engaged in a dance activity that involves only YouTube videos
and no robots.

1 2 3 4 5

Very strongly disagree @ O O O O Very strongly agree
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The experience was affected by problems with the virtual study platform (such as connectivity
issues, glitches in the video, video speed too slow etc.). *

1 2 3 4 5

Very strongly disagree O O @ O O Very strongly agree

| weould prefer to participate in this study in-person rather than virtually. *

1 2 3 4 5

Wery strongly agree @ O O O O Very strongly disagree

If you have any additional observations, explanations or thoughts regarding your child's
experience, please state them here.

It seems that it takes time to understand for my kid, maybe because it is a virtual study.

If you have any comments on how we can improve our robot-assisted interaction design in the
future, please state them here.

| prefer In person study because It will better.
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Participant 3

Survey - Dancing Robot Study @ GWU

Thank you for your participation in our study with the dancing robot. Please take out ~5 minutes of your
time to answer these questions regarding your child's experience. Your feedback is very valuable in our

effort to create more effective robot-assisted interactions.

Email *

| found this study to be valuable and a positive experience for my child.

1 2 3 4 5

Wery strongly disagree @ Very strongly agree

My child likes the robot used in this study and has formed a bond with it. =
1 2 3 4 5

Wery strongly disagree @ Very strongly agree

The dance interaction enabled my child to be more physically active than usual. *
1 2 3 4 5

Wery strongly disagree @ Very strongly agree

211



The dance interaction improved my child's tolerance for loud sounds, music, and dancing. *

1 2 3 4 5]

Very strongly disagree O O C' @ O Very strongly agree

My child’s communication skills improved as he participated in more sessions. *

Very strongly disagree D C' @ G D Very strongly agree

My child was able to understand the robot’s instructions during the activity. *

1 2 E 4 3

Very strongly disagree Q O @ G g Very strongly agree

The robot’s behaviors were meaningful and helped guide my child during the activity. *

Very strongly disagree D O O @ D Very strongly agree

My child was able to understand the difference between the two robot modes. *

1 2 3 4 5]

Very strongly disagree ':_j' ':_-;' C @ O Very strongly agree
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The robot’s leader mode (dancing to songs) was more effective than the follower mode
{imitating the child). *

1 2 3 4 3

Wery strongly disagree '::_:] '::_::' O O @ Wery strongly agree

My child’s comfort level in the interaction with the robot improved as he participated in more
sessions. *

1 2 3 4 3

Wery strongly disagree Q O D G @ Very strongly agree

My child’s overall engagement in the interaction improved as he participated in more sessions.

i

1 2 3 4 3

Wery strongly disagree O l::," O G @ Very strongly agree

My child started to show new, positive behaviors since participating in this study that may be
related to the dance interaction with the robot (for example, using new words, imitating robot
gestures or dances on days there was no scheduled session, asking about the robot sometime
during the week post their session etc.). *

Wery strongly disagree @ O D D O Very strongly agree
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If the above statement is true, please elaborate.

He loves to dance when the robot leads. However , he can't create his movements by himself. If the robot is
actual (not the screen robot) or the robeot has detail and colorful body, he might be interested in the session
micre.

The sessions are good experiences for us. Thank you for this opportunity.

Do you notice your child exhibiting any behaviors while interacting with the robot that you do
not otherwise see? (As an example, are they imitating robot gestures, or making more eye
contact, or talking about the robot much later after the session is over, or starting to enjoy
musicidancing more than they previpusly did, or getting more physical activity during the
activity than they ctherwise did?) *

Very strongly disagree @ '::' O G D Very strongly agree

If the above statement is true, please elaborate.

My child is likely to be equally engaged in a dance activity that involves only YouTube videos
and no robots. *

Very strongly disagree D @ O O O Very strongly agree

214



The experience was affected by problems with the virtual study platform (such as connectivity
issues, glitches in the video, video speed too slow etc.). *

1 2 3 4 5]

Very strongly disagree @ {._) C O O Very strongly agree

| would prefer to participate in this study in-person rather than virtually. *

Very strongly agree @ O D D D Very strongly disagree

If you have any additional cbservations, explanations or thoughts regarding your child's
experience, please state them here.

The question above has opposit answer. The answer is reverse.

If you have any comments on how we can improve our robot-assisted interaction design in the
future, please state them here,

| want to see more details body robot.
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