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ABSTRACT

Autism Spectrum Disorder is a developmental disorder often characterized by limited

social skills, repetitive behaviors, obsessions, and/or routines. Early intervention signifi-

cantly improves long-term outcomes for toddlers identified in the second year of life and is

the best approach for affecting lasting positive change for children with an ASD. Research

shows that children with autism especially enjoy technology, including autonomous (or

seemingly autonomous) robots. Tying these together, we hypothesize that observing play

interactions between very young children (2 - 4 years old) and a humanoid robot can help

us identify children with autism; this first requires us to generate a very large, thoroughly

characterized dataset of typically developing children. We begin with an eye tracking

experiment comparing four different robots and a young human peer; this shows us which

type of robot may be of most interest to children in an in-person, real-life play scenario,

and if that robot is as interesting as a peer. Using the robot found to be most interesting

in the eye tracking experiment, we next detail a human-robot interaction experiment that

engages 2 - 4 year old children in a series of social games with a small humanoid robot; we

then analyze the social distances, or proxemics, of the child throughout the interaction. To

generate the proxemics data, we use a highly automated person detector which utilizes two

state-of-the-art convolutional neural networks; with the proxemics and other development

assessment data, we compare and group participants and discuss the implications of those

results. A subset of robot interaction participants also finished the eye tracking task, so

we discuss the relationship between the human-robot interactions and eye tracking results.

Lastly, to validate the generalizability of our automated tracker, we test the system on two

other child development experiments, a multiple-participant in-group bias play scenario for

5 and 8 year old children, and an unsolvable box task for toddlers.
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Chapter 1

Introduction

Autism spectrum disorder (ASD, or autism) is a neurodevelopmental disorder defined by

behavioral symptoms that include communication and social behavior deficits as well as

restricted and repetitive behavior patterns. ASD becomes more prevalent every year; the

Centers for Disease Control and Prevention began recording trend data in 2000, when about

one of 150 children had an ASD [76], until the most recent 2014 data that estimates roughly

one of 59 children aged 8 years old in the United States has an ASD [7]. Males represent

3 in 4 individuals diagnosed with ASD. The typical age of diagnosis in children is around

four years old, but symptoms appear earlier in life. Characterizations of autism, which

vary in severity and presence from individual to individual, can include impairments in

social interactions, language and communication skills, executive control, and eye contact.

Symptoms may also include rigid, repetitive stereotypic behaviors such as rocking, spinning,

head banging, or hand flapping, heightened sensitivity to some senses (such as to touch

or smells), and insistence on sameness in routines or environments. While no child with

autism behaves exactly like another, a mix of these symptoms starting at a very young age

can indicate that a child may have a developmental disorder and should get tested.

Once a child is suspected of having autism, getting the resources required for proper

diagnosis and treatment can be a challenge. The waiting period for getting an affected

child together with an experienced clinician able to produce a diagnosis with the Autism
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CHAPTER 1. INTRODUCTION

Diagnostic Observation Schedule (ADOS, [64]) commonly takes up to six months. The

ADOS is a semi-structured, time-intensive assessment that includes tests of imaginative

play, social cues, and communication. Once diagnosed, children with autism may receive

intensive intervention before atypical patterns of behavior and brain function become firmly

established.

Robotics research in autism is over a decade old, yet does not currently meet standards

of psychology and child development researchers [28, 79, 99]. The goal of this research

is to address some of these concerns (detailed in Section 2.8), and ultimately to make

diagnosis of ASD or other developmental disorders more easily accessible. Accessibility

in this case means a portable, reliable, accurate diagnostic tool to assist trained clinicians

or other, possibly less highly trained physicians. It may simply mean making tools for

more quickly distinguishing atypical behavior ‘in the wild,’ so that parents and physicians

have earlier warning to assess children. In this research, our main tools are commercially

available cameras and robots, existing open-source software, trained nueral networks, and

new programs produced and freely released.

This thesis develops a baseline behavior analysis for typically developing children from

ages two to four years old and develops and provides the tools necessary for describing this

baseline cohort. These children span from very low to high risk of developing autism (based

on risk factors such as having a sibling with autism), which allows us to further characterize

social and autistic behaviors in the context of a highly interesting technology, a humanoid

robot. Provided participants with autism, we would be able to place children with autism on

a scale or cluster in relation to our large group of typically developing children. Given this

placement, we could then say if any particular undiagnosed child that later participates in

the study is in an area of high risk or low risk to be diagnosed with autism compared to their

typically or atypically developing peers.

In essence, this thesis helps address the visible differences between typically developing

children and children with autism, by using and developing state-of-the-art technology.
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1.1. SUMMARY OF CONTRIBUTIONS

This research advances the application of computer vision and deep learning to autism

diagnosis by identifying and categorizing children’s reactions to playing with a robot. We

do this by working with typically developing children and children at high risk for autism

in eye tracking experiments and robot interaction experiments. Specifically, we find eye

gaze preferences on robots, explore joint attention via orientation detection, and study and

classify proxemics via person tracking during social interactions with robots.

This work was introduced in [70] and presented in [71], in which we detail the experi-

ments and presented initial results of clustering children based on various developmental

assessments and reactions to the robot. At the same time, our experiments address many

issues brought up in Diehl’s research into basic categories of robotics use in autism ther-

apy [28], which will be detailed in the next chapter. Our results include software to

semi-automate person tracking in overhead video footage, which results in raw output of

proxemics, or social distance, data. With the proxemics data, we quantify children’s comfort

with interacting with the robot, which we also use to differentiate child behaviors. We also

explored orientation estimation through two methods that had a classification accuracy of

around 60% and 80% accuracy, respectively, on head direction on a small dataset; however,

in practice the methods did not perform well enough to use in classification of looking

behaviors.

1.1 Summary of contributions

This thesis contributes to several areas.

In computer science and engineering:

• A human-robot interaction protocol verified by child development psychologists,

tested with 59 toddler-aged participants, that is suitable for use with boys or girls at

least two years of age.

3



1.1. SUMMARY OF CONTRIBUTIONS

• The packaged, executable protocol deployable on any off-the-shelf NAO robot (with

limbs), for NAO operating system 2.1.4 and Choregraphe version 2.1.4.

• TensorFlow neural network weights for detecting person and NAO-robot location

from an overhead (e.g. surveillance) perspective.

• A validation of automated proxemics tracking over two different research experiments:

one giving children an impossible-to-solve problem, and another testing if very young

children demonstrate in-group bias from subtle cues like clothing color assignment.

In eye tracking literature in support of robotics:

• Evidence that children aged 18 to 45 months show strong gaze preferences for a

humanoid robot over non-humanoid robots, especially for boys.

• Evidence that children aged 18 to 45 months show similar gaze preferences for a

humanoid robot and a live human peer.

• A relationship analysis between eye tracking data and human-robot experiment inter-

action data, from children who participated in both experiments.

In child psychology, especially in phenotype characterizations that may relate to devel-

opmental disorders:

• A large number of typically developing participants (N = 59), ranging from low to

high risk for autism spectrum disorder, characterized with 11 developmental assess-

ments (besides the two experiments detailed in this work).

• Characterization of common movement patterns in child interactions with a humanoid

robot.

• Evidence that a distance ratio of child to robot and caregiver, together with assessment

scores, clusters clinically different groups of participants.
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1.2 Organization

Chapter 2 contains a broad background in current theories in psychology as pertains to

children with autism, beginning with the definition of autism and diagnosing autism in very

young children. We then move to important skills in child development including gaze and

joint attention, commonly studied with eye tracking technology, and also social distances, or

proxemics. We then discuss existing work in behavior recognition and people tracking in

developmental disorder research. Lastly, we give a brief background in state-of-the-art neural

networks for object detection that we use first, for tracking people throughout human-robot

interaction experiments, and second, for differentiating the orientation of people.

In Chapter 3 we discuss two experiments in eye tracking with toddlers to discover

their preferences between different types of robots and a fellow social being. We conclude

each eye tracking task with its results, and end by discussing the conclusions that can be

drawn from both experiments. In Chapter 4 we detail an extensive human-robot interaction

experiment performed with 59 children, aged 2 - 4 years. We discuss results of clustering

and comparing children based solely on proxemics data, as well as proxemics data in

combination with specific autism-adjacent scores of developmental assessments. We show

work on differentiating child orientation, and end with lessons learned from working with

young children and robots. In Chapter 5 we discuss a subset of children that participated in

both the eye tracking experiments and the human-robot interaction experiments. We explore

the relationship between experiment results from those children.

In Chapter 6 we apply tracking software and proxemics analysis to two other research

projects. The first project examines how children respond to an unsolvable task; the second

examines the age at which unacquainted children demonstrate implicit in-group out-group

bias during free-play scenarios. Both projects can ultimately be helped with the addition of

automated proxemics analysis as detailed in the previous chapters.

Lastly, Chapter 7 describes the conclusions, limitations, open issues, and future work in
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these thesis topics. We discuss the implications for future research in computer science and

psychology of eye tracking for robot preference detection, differentiating autism phenotypes

with automated proxemics detection, and automated proxemics analysis.

1.3 Terminology

The latest version of the Diagnostic and Statistical Manual of Mental Disorders, Edition 5,

was published in 2013. Edition 5 changed the definition of autism to encompass several

disorders under one term, Autism Spectrum Disorder, or Autism, or ASD. The current

diagnostic criteria is given in Section 2.2, and the new DSM edition explains that: “Autism

spectrum disorder encompasses disorders previously referred to as early infantile autism,

childhood autism, Kanner’s autism, high-functioning autism, atypical autism, pervasive

developmental disorder not otherwise specified, childhood disintegrative disorder, and

Asperger’s disorder.” [6].

Because research prior to 2013 used earlier diagnostic labels, research participants

diagnosed prior to 2013 may have had one of these subdiagnoses. Computer science and

robotics researchers working with atypically developing children frequently did/do not list

(and likely, do not have access to) the complete diagnostic descriptions of participants,

simply that they have autism or one of its subdiagnoses. Because the exact subdiagnosis, if

any, is unknown, this thesis will frequently refer to a participant of previous research as ‘child

with an autism spectrum disorder,’ ‘child with an ASD,’ or ’child with autism,’ depending

on the language used in the original research. Generally speaking, this thesis discusses

two general populations: (1) typically developing (TD) children, who are in the majority

of developmental milestones, drive the means and standard deviations of assessments, and

provide baselines for the majority of the Western ideas and concepts discusses in this

thesis, and (2) children with or at risk of autism, or (an) autism spectrum disorder, who

are atypically developing. Some background work also references atypically developing
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children that do not have ASD, which will be explicitly stated.

Throughout the thesis, we use abbreviations for autism spectrum disorder (ASD), typi-

cally developing (TD), human-robot interaction (HRI), socially assistive robotics (SAR),

convolutional neural network (CNN), and standard deviation (st. dev.).
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Chapter 2

Background and Preliminaries

2.1 Problem overview

Socially Assistive Robotics (SAR) is a relatively recent area of robotics research, having

started within the last two decades, and is aimed at helping populations with special needs.

Socially assistive robotics spans research from robots as therapy tools for children with

pervasive developmental disorders, to robots as tools for adults as companions or helpers.

Robotics research with children with autism stems from the fact that afflicted children tend

to especially enjoy autonomous (or seemingly autonomous) robots [26], and researchers

have used a wide variety of robot appearances and abilities in this area [99]. While the

reason for this high level of interest is unknown, researchers clearly have the potential to

leverage robotics for autism diagnosis or treatment [97]. Diehl and colleagues [28] review a

slew of research in four areas: responses to humans vs. responses to robots, using robots

to elicit behaviors, using robots to teach or practice skills, and using robots for giving

performance feedback. They concluded that while the research was promising, it was

mostly exploratory, and the authors gave feedback for the computer science community at

large using robots in autism therapy or diagnosis. Their criticisms included lack of robot

integration to established treatments, lack of study participant follow-up, small sample

sizes, little scrutiny on the actual therapeutic protocol, and little detailed characterization of
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participants [28]. Diehl’s review recommends addressing these problems as well as focusing

on what child characterizations indicate the most individual benefit from robot interaction.

We leverage autonomous robots, which are frequently of great interest to children

with autism, to help further characterize an autism phenotype. We do this by collecting a

thoroughly characterized dataset of typically developing children, with the future goal of

describing a cohort with autism in the exact same way, to see which differences may be

indicative of autism. The dataset includes quantitative data on how children interact with

a social robot, those children’s scores on assessments that gauge particular developmental

skills and behaviors that are strong indicators of autism, how those scores and interaction

data relate to each other. This research contributes both to computer science and psychology,

and we now review relevant background in both fields: autism spectrum disorder, diagnosing

autism, joint attention, eye tracking, proxemics, behavior tracking, human-robot interactions,

and deep learning tools.

2.2 Autism spectrum disorder

Autism spectrum disorder, or ASD, or autism, is a developmental disorder characterized by

deficits in social skills and repetitive and restricted behaviors. The Diagnostic and Statistical

Manual of Mental Disorders, Edition 5, [6] establishes the following criteria for autism:

A. Persistent deficits in social communication and social interaction across

multiple contexts, as manifested by the following, currently or by history

(examples are illustrative, not exhaustive; see text):

1. Deficits in social-emotional reciprocity, ranging, for example, from abnor-

mal social approach and failure of normal back-and-forth conversation; to

reduced sharing of interests, emotions, or affect; to failure to initiate or

respond to social interactions.
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2.2. AUTISM SPECTRUM DISORDER

2. Deficits in nonverbal communicative behaviors used for social interaction,

ranging, for example, from poorly integrated verbal and nonverbal com-

munication; to abnormalities in eye contact and body language or deficits

in understanding and use of gestures; to a total lack of facial expressions

and nonverbal communication.

3. Deficits in developing, maintaining, and understanding relationships, rang-

ing, for example, from difficulties adjusting behavior to suit various social

contexts; to difficulties in sharing imaginative play or in making friends;

to absence of interest in peers.

Specify current severity: Severity is based on social communication impair-

ments and restricted, repetitive patterns of behavior.

B. Restricted, repetitive patterns of behavior, interests, or activities, as mani-

fested by at least two of the following, currently or by history (examples are

illustrative, not exhaustive; see text):

1. Stereotyped or repetitive motor movements, use of objects, or speech

(for example, simple motor stereotypes, lining up toys or flipping objects,

echolalia, idiosyncratic phrases).

2. Insistence on sameness, inflexible adherence to routines, or ritualized

patterns of verbal or nonverbal behavior (e.g., extreme distress at small

changes, difficulties with transitions, rigid thinking patterns, greeting

rituals, need to take same route or eat same food every day).

3. Highly restricted, fixated interests that are abnormal in intensity or fo-

cus (e.g., strong attachment to or preoccupation with unusual objects,

excessively circumscribed or perseverative interests).

4. Hyper- or hyporeactivity to sensory input or unusual interest in sensory
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2.2. AUTISM SPECTRUM DISORDER

aspects of the environment (e.g. apparent indifference to pain / tempera-

ture, adverse response to specific sounds or textures, excessive smelling or

touching of objects, visual fascination with lights or movement).

Specify current severity: Severity is based on social communication impair-

ments and restricted, repetitive patterns of behavior.

C. Symptoms must be present in the early developmental period (but may not

become fully manifest until social demands exceed limited capacities, or may

be masked by learned strategies in later life).

D. Symptoms cause clinically significant impairment in social, occupational, or

other important areas of current functioning.

E. These disturbances are not better explained by intellectual disability (intel-

lectual developmental disorder) or global developmental delay. Intellectual

disability and autism spectrum disorder frequently co-occur; to make comor-

bid diagnoses of autism spectrum disorder and intellectual disability, social

communication should be below that expected for general developmental level.

Note: Individuals with a well-established DSM-IV diagnosis of autistic disorder,

Asperger’s disorder, or pervasive developmental disorder not otherwise specified

should be given the diagnosis of autism spectrum disorder. Individuals who

have marked deficits in social communication, but whose symptoms do not

otherwise meet criteria for autism spectrum disorder, should be evaluated for

social (pragmatic) communication disorder.

Specify if:

• With or without accompanying intellectual impairment

• With or without accompanying language impairment
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• Associated with a known medical or genetic condition or environmental

factor (Coding note: Use additional code to identify the associated medical

or genetic condition.)

• Associated with another neurodevelopmental, mental, or behavioral dis-

order (Coding note: Use additional code[s] to identify the associated

neurodevelopmental, mental, or behavioral disorder[s].)

• With catatonia (refer to the criteria for catatonia associated with another

mental disorder) (Coding note: Use additional code 293.89 catatonia

associated with autism spectrum disorder to indicate the presence of the

comorbid catatonia.)

Note the DSM-5 guide requires specifying whether autistic behaviors occur with other

disorders. Autism has no clear cause and no genetic test; tests for autism are more thoroughly

discussed in Section 2.3. Some genetic disorders can appear like autism, but have a testable,

distinct cause. For example, Fragile X Syndrome [38] is caused by changes in the fragile X

mental retardation 1 (FRM1) gene. This gene makes a protein required for standard brain

development, and people with the syndrome do not make the protein. The developmental

delays, learning disabilities, and social and behavior problems produced by Fragile X

Syndrome may look like autism, but they are distinct disorders, and not all people with

autism have any clear genetic mutation.

Autism has lifelong repercussions; in 2011, the CDC estimated the total costs per year

for children in the US in the 11.5− 60.9 billion dollar range [76], and other estimates agree,

putting a lifetime cost of care for one individual in the 1.5− 3 million dollar range [41, 106].

Early intervention significantly improves long-term outcomes for toddlers identified in the

second year of life [27] and is the best approach for affecting lasting positive change for

children with autism. ASD results in significant family distress and financial burden, and

early diagnosis and therapy is the best way to get children the help they need.
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2.3 Early autism diagnosis

Diagnosing autism is a time intensive process performed by a highly trained clinician,

conducted with an observation session with a child, caregiver interviews, or a mix of both.

There are several diagnostic tools, with some variety by age, and popular tests go on to

become revised and updated with time. For example, the Autism Diagnostic Observation

Schedule (ADOS, [65]) was first published in 1989 and is still in use today, though it has

been updated to the revised Autism Diagnostic Observation Schedule-Generic (ADOS-G,

[64]). Other tests, for example the Modified Checklist for Autism in Toddlers (M-CHAT,

[94]), Screening Tool for Autism in Two-Year-Olds (STAT, [108]), and Communication and

Symbolic Behavior Scales (CSBS, [120]), have varying degrees of popularity and accuracy.

There is no real consensus on which diagnostic tool is best, and researchers have started to

track the over-all utility of different diagnostic tests, with important implications.

Øien and colleagues’ recent longitudinal study found that in 69, 668 children assessed

with the M-CHAT at 18 months old, 1, 471 screened positive, 68, 197 screened negative,

and 228 of those negatives were later diagnosed with ASD (false negatives) [77]. The

authors found clinical differences at 18 months old in the false negative group in social,

communication, fine, and gross motor skills, so the test itself was missing clinically important

markers. Falkmer and colleagues examined evidence-based tests reported from years 2000

to 2012 and found viable literature regarding 3 different observation tools, 6 parent or

caregiver interview tools, 3 combination observation / interview tools, 2 screening tools

with potential, and 4 Asperger syndrome-specific tools [31]. They found that the Autism

Diagnostic Interview - Revised (ADI-R, [66] and ADOS had the most evidence and the

highest sensitivity and specificity, and between the two have a clinical accuracy comparable

to diagnosis from a multi-disciplinary team of experts. In 2018, Randall and colleagues

reviewed six tests (all of which were reviewed earlier in Falkmer’s literature review, with

limited to substantial evidence of utility) to see which was the most effective at diagnosing

13



2.3. EARLY AUTISM DIAGNOSIS

as compared to a team of clinical experts [83]. They reviewed tests that interview caregivers –

Autism Diagnostic Interview - Revised (ADI-R, [66]), Gilliam Autism Rating Scale (GARS,

[43]), Diagnostic Interview for Social and Communication Disorder (DISCO, [121]), and

Developmental, Dimensional, and Diagnostic Interview (3di, [105]) – tests that require a

trained clinician to perform an observation – the ADOS-G – and a test that uses both a

clinician observation and a caregiver interview, the Childhood Autism Rating Scale (CARS,

[100]). They found that the ADOS is best for not producing false negatives, is similar

to CARS and ADI-R in not producing false positives, but like the other tests is likely to

over-diagnose autism in populations with a lower prevalence of the disorder.

Regardless of the tool used, the child is assessed for various interaction responses

including imaginative play, social cues, and communication. The ADOS, for example, has

four modules, each of which allows for people of varying levels of expressive language and

behavior to participate in the test. Each module gives participants a chance to respond to a

‘press.’ The response of the child to each press in the ADOS gives the clinician opportunities

to see how the child reacts to social cues. Reactions like eye contact, responding to a name-

call, reacting to a multi-layered request, or verbally responding with a complex sentence

are all important. A sample cue is pointing and asking the child to follow the clinician’s

gaze and point. A typically developing child will respond to a gaze and point by looking

in the direction of the gaze and point; a consistent lack or delay of gaze following or point

following is often a symptom of autism. This bid for gaze- or pointing-following and

subsequent focus by both parties is called joint attention, and this incredibly important social

skill is discussed in the next section.

While a slew of tests to diagnose autism exist, there is still the question of the earliest age

at which autism can be detected, prompting research into just how early symptoms appear.

Zwaigenbaum and colleagues discuss a host of symptoms of high risk infants they followed

longitudinally, some of which were later diagnosed with an ASD [126]. They found that

infants later diagnosed with autism had visible atypicalities from controls by 12 months
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of age. The researchers made an observation scale, a computerized visual orienting task,

and standardized measures of temperament, cognitive, and language development. Among

other symptoms, they found atypical responses in eye contact, disengagement and delay

of visual attention, orienting to name, imitation, social interests, early temperament, and

language delays. The authors did not directly relate behavioral findings with physiological

brain development, though they posited a few brain regions that may interact with particular

developments. Zwaigenbaum’s research recruited participants who were already at high-risk

for autism, but some children will have no known risk factors; the child’s caregivers must

suspect that the depth of delay or atypicalities in their child warrants a doctor visit.

Fortunately, research shows that many parents do realize something is atypical in their

child’s development well before an official test is conducted. A study by Young, Brewer,

and Pattison [125] asked parents when they first noticed 33 signs of autism in their children,

when the child was tested, and when the child was diagnosed. This study found the mean

age of abnormal developmental signs of 15.1 months (SD 11.2 months), with 95% of parents

noticing social development anomalies when the child was less than two years old and

many noticing problems before the child’s first birthday. By contrast, the mean age of

seeking professional advice was 26.8 months (SD 10.4 months), and the mean age of autistic

disorder diagnosis was 41.82 months (SD 13.6 months). While there were limitations in the

study, notably that parents were being asked to recall past events and therefore may have

accidentally biased memories given that they know now what autism symptoms include, the

study findings still match with other results and provide evidence for autism symptoms prior

to two years of age.

While there is no blood test to take or even a genetic marker for autism susceptibility,

researchers have been able to find some measurable biological differences between typically

developed children and children with autism. In 1998, Szatmari, Jones, Zwaigenbaum,

and Maclean reviewed research on autism recurrence rates in twins and families, and the

evidence for genetics factors was compelling, though the particular genetics responsible
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were unknown at the time [109]. A decade later, with the advent of robust gene sequencing

techniques and research, Losh, Sullivan, Trembath, and Piven reviewed studies searching

for genetic links in autism [67]. These studies attempt to map chromosome abnormalities in

people with autism compared to controls. The literature included research in genome-wide

linkage analysis studies (which look at candidate regions of chromosomes), genome-wide

association studies (which look at markers throughout the chromosome rather than at target

locations), six specific genes that seemed most plausible to the authors based on replication

studies, molecules that play important roles in synaptic development and function, and DNA

structural variants such as microdeletions, duplications, and copy number variations. Overall,

the research supports the idea that some particular rare mutations are responsible for some

cases of autism and others are more likely based on a variety of subsets of genetic variants.

The authors also match common autistic phenotypes with implicated chromosomes; for

example, the most promising links between genetics and behaviors is the language deficit

phenotype and variants on 20 chromosomes. They propose that future research focus on

crafting these endophenotypes, or links between smaller gene constellations and subclinical

disease markers. At this time, unfortunately, genetic mapping is still not systematic or

predictive enough to be able to test for autism.

Research has also searched for more easily seen differences between children with

autism and controls; for example, Elison and colleagues found that particular neural brain

circuits in six month olds predicted response to joint attention in nine and ten month old

children [29]. The researchers took diffusion weight images of sleeping infants, mapping

three fiber tracts on both sides of the brain, including optic nerves, for a total of six regions

of interest. Increased microstructural organization in one of the regions in the younger

children was associated with better performance on joint attention tasks in older children.

This may mean a symptom of autism, poor performance on joint attention tasks, can be

found by mapping a fiber tract in the brain of a six month old child, giving us a much more

identifiable, early biological marker of autism. However, MRIs and similar large, expensive

16



2.4. GAZE AND JOINT ATTENTION

tools cannot be deployed on a large scale for systematic autism detection.

We have two problems, then, in current autism diagnosis; the first is the variety of

exams, of which the best performing still need highly trained clinicians to perform; those

experts must devote a large block of time to the interaction, hand-code the results, and

ultimately use their expert judgement. The second is the huge delay between noticing,

seeking help, and receiving a diagnosis for children with autism, which can delay therapy

by years. We therefore suggest that finding any additional warning signs, especially by

using automated tools that are reproducible, portable, and evidence based, can take some

diagnostic burden from parents or clinicians and help reduce the time needed to detect and

diagnose autism. Ideally, automated diagnostic tools would be deployed in clinic waiting

rooms; but before such a step, we need to provide metrics from quantitative data on typically

developing children to see what a baseline of typically developing children looks like and

what such a diagnostic tool might use to compare children viewed in the wild. Therefore,

this thesis targets psychology theories that can be captured easily, automatically, and without

adding much extra burden of data collection. Two such psychology topics are joint attention

and social distances, or proxemics, and we next discuss what these are and what tools are

available to automatically track them.

2.4 Gaze and joint attention

Joint attention is the shared focus between people on some object; typically developing

infants show this ability by 12 months, and the time infants spend in joint engagement with

their mother and how much the mother follows the infant’s focus predicts early gestural and

linguistic communication skills [11]. The lack of ability to hold joint attention can be an

indicator of autism [53], and is part of the test for autism for young children. A bid for joint

attention can be a simple conversational cue (‘do you see that cat over there in the window?’)

or a survival tool (‘do you see that lion in the tree?’). Joint attention can be initiated by
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verbal or physical cues varying in subtlety, from looking, to pointing, to speaking, or a

combination thereof. A successful bid for joint attention results in the recipient of the request

also looking at or paying attention to the object in question. Developing joint attention is an

important milestone in an infant’s first year, and Charman and colleagues found that joint

attention and the ability to switch gaze in 20 month olds was associated with less severe

difficulties in communication or language and social difficulties in 42 month olds [15].

In eye contact, a more direct social skill than joint attention, children with and without

autism differ in some contexts but not others. Jones et al. investigated eye contact with an

unknown adult (the examiner) during free play sessions and during conversations with no

toys present between the experimenter and children with and without an ASD [54]. They

found that both controls and children on the spectrum had more frequent and more lengthy

eye contact with the examiner during conversations rather than free play, with no interaction

between diagnosis and context. There was an effect of ASD severity on social affect to

gaze duration, but not frequency of eye contact or on restricted and repetitive behaviors.

They also noted that the toy in use during the scenario impacted the amount of eye contact,

for example a board game versus a wind-up toy. From this research we know that context

matters, then, and the authors encourage research to engage children in eye contact using

different approaches, such as conversing with and without toys, and different toys.

A sensible line of research, then, is to use objects of special interest as a focus of joint at-

tention. Work from Kryzak and Jones did just that, using circumscribed interests as attention

getters while prompting the children to initiate joint attention in a small intervention study

to see if the items helped participants learn to initiate joint attention [60]. A circumscribed

interest is a subject in which a person with an ASD becomes intensely interested in and

may study to the point of obsession or deep knowledge, such as cars or trains or particular

games. Two of Kryzak and Jones’ subjects learned to initiate joint attention with the use of

these circumscribed interests as tools in the intervention, though the intervention with the

third child had to be done with other preferred items. While not distinctly a circumscribed
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interest, using technology in general to orient children with autism has had support since

early research in the 1970s, when Colby showed technology was a useful tool in teaching

children with autism [18]. Research in the decades since has shown support for using

technology to attract interest of children with ASD, even in infancy. Klin, Lin, Gorrindo,

Ramsay, and Jones first showed in 2009 that two-year-old children with autism did not

prefer to gaze at biological motion, as produced by point-light displays of humans playing

games versus non-biological motion of the same displays but inverted, whereas typically

developing controls and developmentally delayed controls did prefer the biological motion

[59]. Three years later, Annaz and colleagues showed distinct preferences in 3–7 year olds

with ASD for gazing at non-biological motion (a spinning top) over biological motion (a

walking human), with no preference between non-biological motion or scrambled motion

[4]. Typically developing controls preferred biological motion in both cases.

Technology, even if not a circumscribed interest of a child, could prove to be an interest-

ing and motivating object of joint attention. Dautenhahn and Werry investigated interactive

environments with older children (8 – 12 years old) specifically in trials with a mobile,

autonomous robot, and found children with autism to have high levels of interest in robots

[26]; other literature reviews supporting use of robots with children with autism concur

[98, 47, 80]. Anzalone et al. used a humanoid robot to initiate joint attention to pictures of

a dog or a cat on either side of a participant (a typically developing child control, or child

with an ASD), and found that while the robot was able to initiate joint attention, compared

to joint attention initiated by a therapist, the robot initiation resulted in significantly lower

joint attention scores in both groups. These children, however, only had one three minute

trial with the robot, and the average group ages differed. The group with ASD’s (N = 16)

was 9.25 years (st. dev. 1.87 years), but lower development age mean, at 7.47 years (st. dev.

2.9 years); the control group (N = 16) was 8.06 years (st. dev. 2.49 years). Their findings

show that joint attention interaction depends on the partner, and the number of cues used

(gazing, pointing, vocalizing, or a combination). Warren and colleagues compared groups
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of TD children and children with an ASD (N = 6), using a human and a robot to prompt

for joint attention, over a period of four interactions [118]. They found that children with

an ASD focused more on the robot than the human prompter, and directed their gaze to the

correct item at the rate of the TD children. We understand from this research that context

matters, and familiarity or number of interactions matters.

We have shown how variations in gaze and joint attention can reflect autism symptoms.

Hardware and software tools, specifically eye tracking tools, have made gaze tracking much

more computationally and financially feasible in large scale studies over the last two decades.

Researchers have been able to look at other gaze patters, not simply joint attention, with

computerized eye tracking. We now discuss what eye tracking research has contributed to

the differences between typically and atypically developing people, especially those with

autism.

2.5 Eye tracking

Eye tracking became popular after a 2002 review from Klin and colleagues that suggested

eye tracking technology as a novel tool for looking at the gaze pattern differences of

individuals with ASD or typically developing (TD) individuals [57]. That work examined

the gaze differences as the individuals looked at movie clips containing social situations,

and detailed how the TD viewer looked at the actor’s faces whereas the ASD individual

had a different gaze pattern. While the TD individual looked back and forth at the actors

while they spoke, the individual with ASD’s gaze was on non-essential parts of the social

interaction and made different paths on the screen. Klin went on in [58] to show individuals

with autism show abnormal gaze patterns, and some gaze patterns are strong predictors of

social competence in ASD individuals.

Eye tracking studies are now commonly used on infants because they require no explicit

communication or understanding of the task – anyone with sight, from a three month old to
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an adult, can look at a screen at the things they find interesting. Karatekin reviews at length

common eye tracking measures and how each is used to study various clinical or typical pop-

ulations [55], restricting the literature review to participants of four or five years of age and

up. His review shows that eye tracking has been used for measuring visual-spatial attention,

engagement and disengagement of that attention on targets, breadth of attention, and pro-

cessing speed and ability. Eye tracking has been used as a way to track differences between

typical and atypical development in disorders like Attention-Deficit/Hyperactivity Disor-

der (ADHD), Pervasive Developmental Disorders (PDDs), schizophrenia, and Psychotic

Disorder Not Otherwise Specified to find difference in gaze patterns.

Constantino and colleagues used eye tracking studies to find significant genetic effects

in 18–24 month old monozygotic twins, dizygotic twins, and paired sibling infants [21].

They found significant evidence for genetic factors in looking at eyes and mouth – 0.91

correlation for eye looking, 0.86 correlation for mouth looking in monozygotic twins, 0.35

correlation for eye looking, 0.44 correlation for mouth looking in dizygotic twins, and no

significant correlation for siblings or random non-related pairs of infants at the time of the

study, as well as high correlations at a follow-up 15 months later. They also found higher

(but clinically non-significant) probability of monozygotic twins moving their eyes at the

same time.

Overall, eye tracking is a useful tool in detecting differences in typical and atypical

populations, though there are some specific concerns when applying eye tracking methods to

children with autism. Sasson and Elison discuss best practices in eye tracking this population,

including guidance on the eye tracking system, testing environments, procedures, analysis,

and representing results in [96]. The added effort to generate accurate results is certainly

worthwhile; Xu and colleagues showed that human gaze can actually be predicted based

on the contents of an image when that image is broken down in terms of pixel, object, and

semantic level attributes [123]. Object level attributes include things like size and solidity,

whereas semantic level attributes are more abstract and include things like how much a
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thing directly relates to humans (like faces or touch), implied motion, and how much a thing

relates to non-visual human senses (like taste or smell). Wang and colleagues demonstrated

atypical visual saliency in people with an ASD versus typically developing people [117].

They showed that people with an ASD had a strong bias towards gazing at the center of an

image, rather than at the semantically important parts of an image.

As referenced in Section 2.4, early eye tracking work found differences in gaze patterns

in typically developing individuals versus those with autism [57, 58]. Shic, Jones, Klin,

and Scassellati used a subset of Klin’s 2002 eye tracking data and determined typically

developed (control) individuals have a particular, learnable model of gaze as applied to

viewing social scenes, and that those models transfer to other controls [102]. The strategies

of individuals with ASD, however, did not transfer well to controls or to others with ASD,

implying that people with ASD have ordered gaze patterns that are likely unique cascading

specializations in attention, and these patterns replace the more standard gazing patterns of

typically developed people.

Guillona, Hadjikhanib, Baduela, and Rogé reviewed over a decade of eye tracking

literature around spontaneous gaze behaviors to see how much evidence exists for two

important assumptions of the past: people with ASD have decreased social orienting and

attention to relevant stimuli like faces compared to TD individuals, and people with ASD

look at mouths more and eyes less than TD individuals [48]. Their review of 25 published

studies on the first topic suggest people with ASD do vary in their attention to social

orienting, but the differences do not generalize, and the (lack of) ability varies by context,

and may be driven partly by typically developing individuals’ quicker or extra attention

to specific parts of faces during context dependent (e.g. game playing) or multi-person

social scenes. Instead, ASD impacted individuals’ orienting to a face in a social scene

may be hindered, not lacking, e.g. by differences in ability to ignore competing objects in

complex situations such as static versus dynamic content, variable number of faces or people,

or mixed number of people and objects in a scene. The authors’ review of 31 published
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studies on the second topic found no solid support for excess mouth and reduced eye gaze,

and suggested again that typically developing participants drive results in specific ways

depending on events, and stimulus-specific reactions might belong to a subgroup of people

on the spectrum.

In short, automatic gaze detection has contributed a wealth of knowledge around how

people respond to visual cues. The variety of stimuli, result metrics, and participant

developmental age all matter, but eye tracking studies continue to be an important tool in

researching developmental disorders. We now move to a more physical dimension of human

interactions – social distances, or proxemics – in typically and atypically developing people.

2.6 Proxemics

In 1966, Edward Hall published some of the earliest work on physical and psychological

distances between individuals, especially as they differed in different cultures; this is called

proxemics, or the study of social and personal space and people’s perceptions of it [49].

Hall showed that the distance between people and objects and people and other people

varies by comfort level and society, and even by the sense which people use to judge the

appropriate space (such as smell or touch). In 1973, Evans and Howard reviewed personal

space research up to that time and concluded that personal space is influenced by sex (e.g.

male / female pairs use less space than two females, who use less than two males), age

(with standard personal space starting around 12 years) ethnicity (e.g. North Americans

and Northern Europeans want more space than Mediterraneans), and familiarity (friendly

people, friends, or people wanting to look positive use less space) [30]. Here we touch on

more recent studies that show proxemics vary based on individuals’ development, and while

most proxemics research investigates person to person space, there is also research around

person to object and person to robot proxemics.

In children, distances influence social ties to peers, especially distances to caregivers.
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Legendre and Munchenbach studied 2-3 year old children and found that the presence of a

caregiver moderates children’s overtures to their peers, and further distance from an adult

increases the chance of a positive interaction between peers during free play [62]. Gessaroli,

Santelli, di Pellegrino, and Frassinetti investigated the personal space differences between

TD and children with ASD both before and after spending time reading a well-liked book

with an experimenter [42]. They found that children with ASD chose greater distances than

TD children (by over 4 feet) at the beginning and end of the interaction when testing personal

space; they also found that after reading a book together, TD children were comfortable

with a smaller personal space (reduced by nearly a foot) while children with ASD were not.

There was also an effect of where the participant started and who moved towards who during

the personal space test: if the participant with ASD moved away from the experimenter

before choosing when to stop, distances were greater than if the participant with ASD moved

toward the experimenter before choosing when to stop. Participants with ASD did not show

a difference in distance when the experimenter was the one moving towards or away from

the participants; TD participants had no significant distance differences in either condition.

Asada and colleagues compared distances between typically developed people and

people with an ASD [5] against another person and against an object. By asking people to

stop when they felt comfortable when walking towards a male experimenter or an inanimate

object (a coat rack), they found that individuals with an ASD required less personal space in

both cases than typically developing individuals. In the same study, TD and individuals with

an ASD preferred greater distances when being approached by an individual making eye

contact than when being approached by an individual that was not. Mead and colleagues

automatically annotated dyadic (two person) interactions, using proxemic features of two

people with a non-responsive robot as a social cue [73]. Their work used individual, physical,

and psychophysical features (e.g. torso pose, distance, and ‘social’ distance) to recognize

behaviors. They found that training Hidden Markov Models on these features allowed them

to recognize transitions in to (initiating) and out of (terminating) social interactions.
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Mumm and Mutlu investigated different models of interpersonal distance using physical

and psychological distance measures between adult participants and a robot, manipulating

both the likeability / unlikeability of the robot and matching / avoiding eye contact [75].

They found evidence for effects of gaze behavior on physical distance (mutual gaze resulted

in increased physical distance), likeability and gaze on physical distance (dislikeable robot

with mutual gaze resulted in increased physical distance), gender on physical distance

(males physically distanced themselves more) gaze and gender (males physically distanced

themselves more when robot’s gaze was increased), pet ownership (pet owners physically

distanced themselves more), and whether the participant was in front of or behind the robot

(participants got closer to the robot when they were behind it). The authors found a marginal

effect for psychological distancing, in that participants disclosed more answers to personal

questions to a likeable versus unlikeable robot, but the effect was not significant.

Working with children’s proxemics and robotics, Feil-Seifer and Matarić looked at how

to automatically determine if an interaction between a child and a robot was negative or

positive, using, among other things, proxemics [35, 36]. Distance was used to classify

locations such as being near the parent (within 1.25 meters), near the wall (within 0.3

meters), or behind the robot (any distance greater than 135° or less than−135° to the robot’s

front). The goal of that work was to develop online systems capable of helping a robot

autonomously alter its behavior given knowledge during free play about the child’s avoiding

or seeking behaviors.

Up to this point, we have discussed the psychology background relevant for this thesis

in autism spectrum disorder, autism diagnosis, gaze, joint attention, eye tracking, and

proxemics. We are now ready to discuss how state-of-the-art technology enables us not just

to automatically find gaze patterns and social distances, but to identify patterns of physical

motion. We now move to this difficult problem of detecting and classifying behaviors.
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2.7 Behavior tracking

Because routine and repetitive behaviors are frequent symptoms of autism, research has tried

to build tools to find these patterns of behavior. An ideal tool would recognize and classify

classical symptoms of ASD, such as identifying a child with a movement tic and classifying

the repeated motion as hand-flapping. Fulceri and colleagues showed that locomotion and

grasping were visibly impaired in pre-schoolers with ASD [40], so it behooves researchers

to automate the process and make detection methods more robust and able to find more

complex behaviors. Hashemi et al. looked at classifying behavioral, or movement, symptoms

of ASD including arm asymmetry, visual tracking, and attention disengagement [50, 51].

They studied clinical recordings of a clinician testing toddlers with the ADOS-T test (ADOS,

toddler module, [68]) and the Mullen Scales of Early Learning [74], another standardized

test. Their system had good agreement with expert ratings in gauging a disengagement of

attention task based on detecting head turning, and successfully identified arm asymmetry

in video clips of participants.

Rehg and colleagues introduce a database of video and audio recordings of a very

structured, short interaction in a laboratory between child and experimenter to better enable

the community to develop automated tools; they were able to use existing audio software to

detect the initiation of phases of the interactions (with imperfect but reasonable performance,

averaging 85% with a lowest performance of 57.14%), created a smile detector with balanced

accuracy of 76.6%, and created a two-stage gaze detector that first looked to see if the child

was facing the experimenter from a ceiling-mounted depth camera, and then at the pitch of

the child’s head from a child-facing camera [84]. They also created a system to predict if

the child was engaged or not based on visual cues of the child touching particular objects,

and audio cues of how much verbal communication was needed from the experimenter

throughout the interaction; the system had good predictive power for a child engaged in

playing with a ball (92.86%) and a child engaged in reading a book (73.33%).
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A recent span of work tackles the very hard problem of identifying different children and

their behaviors in a classroom setting. Sivalingam and colleagues instrumented a classroom

with multiple cameras and depth sensors [104] to track children over sessions [116] and

identified social groups and other risk markers [34]. Fasching, Walczak, Morellas, and

Papanikolopoulos successfully classified repetitive body movements like hand flapping,

shrugging, and ear-covering from video footage in school-age children [33]. Fasching and

colleagues induced and labeled behaviors in children with obsessive compulsive disorder in

a laboratory setup with a hand-washing scenario in a fake bathroom, and object organization

on different carpet patterns [8]. They found that moving and ordering objects and longer

hand washing were associated with obsessive-compulsive scale ratings. In related work, the

authors then made tools to track the number of times participants applied and rinsed soap,

and turned water on and off in the fake bathroom [32].

Note that much of this work is done in laboratory settings, whether the play is structured

or unstructured, and ideally with as minimal invasiveness as possible, such that children

undergoing assessment do not need to be instrumented with sensors. Even a very robust

algorithm may not perform well on raw video data, so Rajagopalan, Dhall, and Goecke

created such a database for testing against. They sorted public videos of children with ASD

into common stereotypies (arm flapping, head banging and spinning) to give researchers

difficult videos of children ‘in the wild,’ or in their home setting, for algorithm testing [82].

Generating free-play data in an easily accessible format, such as raw video, allows other

researchers to reproduce results and test their algorithms on noisier, more unstructured data.

This thesis joins an important body of work that tries to robustly and automatically

detect, track, and categorize motions and movements. At the same time, this research

bears in mind the necessity of keeping children entertained and engaged in an interaction,

generating different behaviors, and keeping the environment set-up both non-cumbersome

and non-invasive. We now move on to the arguably most important part of this background

work, human-robot interactions.
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2.8 Human-robot interaction

Human-robot interaction (HRI) research encompasses any research on how humans and

robots interact with one another, regardless of the physical (or digital) body of the robot,

whether the robot is teaching or learning, whether the human(s) interacting with it are

typically or atypically developing, and regardless of the human’s age. HRI research includes

helping clinicians develop or use tools, typically developing children learn skills, and robots

as assistants, teachers, playmates, or companions. The latter type of research is also called

Socially Assistive Robotics (SAR); SAR robots may be humanoid or not, depending on the

goal of the research. We now discuss why robots, especially humanoid robots, have such a

strong presence in diagnosis and therapy for developmental disorders.

The argument for using a humanoid robot in autism therapy comes from the idea that

skills learned while interacting with a humanoid robot – which has parts analogous to a

human such as limbs, a torso, a head, and sometimes even an expressive face – will transfer

to interactions with other humans. Research has somewhat borne out this hope. Ricks

and Colton reviewed trends in work with children with autism and robots, specifically

robot-assisted therapy [88]. They reviewed a range of research examining if human-like or

non-human-like robots are the best for use with children with autism, specifically in the areas

of diagnosis, self-initiated interactions, turn-taking activities, imitation, emotion recognition,

joint attention, and triadic interactions. Self-initiated interactions and turn-taking activities

did not require humanoid robots, because the research focused on rewarding behaviors with

desirable reactions and encouraging children to get used to waiting for responses before

they do or say something. Such research encouraged children to communicate to get desired

results and to develop the back-and-forth pattern of social interactions. Imitation, emotion

recognition, and joint attention work used robots to demonstrate actions, from gross motor

skills like raising arms to finer motor skills like smiling, to try to determine if a robot could

teach imitation as well as a human. Robots participating in joint attention became excited
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when the child responded appropriately, looking at the object of the robot’s gaze. These

areas contrast with triadic interactions, in which the robot itself is an object of joint attention.

Ultimately, Ricks and Colton concluded that the use of humanoid versus non-humanoid

robot depended on the goal of the research; very human-like robots should probably be

used when the goal is to learn or simulate human-human interactions, and otherwise simpler

humanoids may work best. Robins, Dautenhahn, and Dubowski compared four robot types,

all of humanoid shape: (1) a pretty or (2) plain small humanoid doll, and (3) a plain and

masked or (4) regularly dressed human pretending to be a robot [93]. They found that

children preferred the plainer looking robots in each size case, which influenced their later

studies and tells us that the simplicity in appearance of robots may be part of their attraction.

Research has looked into using robots as social mediators and has shown that skillful use

of robots may facilitate human contact as well as increase engagement, attention, and social

behaviors, and even reduce stereotypies. Research in this vein includes sharing interest

(and joint attention) with adult TD humans in [91], playing video games and increasing

cooperation with adult TD humans after playing with robots in [114], triadic game playing

between children with autism in [115], and imitation games that segued into the robot as an

object of joint attention and entertainment in [89]. In Robins and Dautenhahn’s research,

a human experimenter controlled a robot during a play session with a child with autism;

once the child realized the adult was controlling the robot, the child interacted with the

researcher, even smiling and giggling when the researcher ‘messed up’ the action the robot

was supposed to do [89]. Shamsuddin and colleagues found that children show a reduced

number of stereotypies and social deficits during interactions with a robot [101].

Research is also starting to explore how to best interact with children with different

sensory preferences. Robins and Dautenhahn designed a robot to allow children with autism

to play games while exploring the tactile sense (touch), and their findings suggested the

robot game incidentally also encouraged understanding facial expressions and verbalizing

[90]. Chevalier et. al split participants into groups based on differences in how much they
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relied on proprioceptive and visual cues to play an imitation game with a robot, finding that

differing reliance levels impacted their ability to learn to imitate [16]. Perca and colleagues

designed a game to find out how TD and children with ASD viewed social robots, asking

them to sort six different robots (of anthropomorphic, zoomorphic, and caricatured types)

into bins of humans, animals, machines and toys in [78]. In their study, both TD and

participants with ASD associated the NAO robot (the robot used in our experiments, see

Figure 3.1d) with a toy, but children with ASD also associated it with machines.

Some research is concerned with duplicating human patterns of interaction in order to

teach robots to do the same – helping, in future, robots interact with and potentially teach

skills to children or adults with an ASD better than they currently can. Xu, Zhang, and Yu

looked at how changing a robot’s joint attention and face looking patterns altered the way a

TD human taught a robot about new objects [124]. The researchers tested three conditions

that changed the amount of eye contact between a robot and a human trying to teach the

robot about new objects – the robot simply followed the human’s gaze, followed the human’s

gaze and performed extra face looking, or also initiated face looking if the human had not in

the last three seconds. In the latter two conditions, the real-time responsiveness of the robot

generated smoother speech-and-looking patterns similar to human teaching and learning.

Socially assistive robotics research spans more than tools for autism and developmental

disorders. Departing from a humanoid appearance for their robot, Short and colleagues

found that children remained engaged with a dragon robot that taught nutrition and healthy

food choices over a six session, three week study with first-grade (six or so years old)

children [103]. Children had a positive reaction, increased engagement over time, used

slightly more complex speech over time, made healthier choices over time if not how to

make healthier as well as faster choices, and learned slightly healthier (but not statistically

significant) choices over time. The researchers also found that children with higher affect

and self-regulatory ability were not able to interact with the robot significantly better than

their peers, though that was one hypothesis of the work. Together, this shows support for
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using the robot as an interesting tool that sustains engagement with children. Though this

example short-term study did not show much learning gains for the children, it provides

support for the feasibility of socially assistive robotics.

Some work is looking at making using robots easier for clinicians to design or use.

Villano and colleagues designed a wizard-of-Oz user interface for clinicians to control a

NAO robot in a game of Simon Says (so called because the robot appears autonomous but is

controlled behind the scenes by a human) [111]. Kim, Barakova, and Lourens described a

prototyping framework to allow therapists to design interactions guided by an established

treatment framework called Pivotal Response Training [56]. This type of research allows

clinicians to rapidly design and implement therapeutic protocols with their patients, which

makes robotic tools much easier to use in practice for researchers and clinicians, which can

in turn guide the development of new robots and tools.

However, research also shows caution is warranted in mixing robots into therapy without

careful consideration, and not every study agrees that robots should be used as tools in joint

attention tasks. Robins, Dautenhahn, and Dubowski warn that using robots as a learning

tool may generate isolation or encourage stereotypic behaviors if not used carefully, as when

the researchers are trying to teach children to apply skills learned with robot interactions to

interactions with other humans [92]. In another conflicting piece of research, Chiminade

and Okka looked at the response times between using a robot or a human on a screen to

cue the appearance of a target [13]. They found that participants took longer to orient to

the target when a robot giving the cue rather than a human, suggesting that the robot was

more distracting to use as a joint attention cue. This also warns us that novel stimuli may be

more distracting than useful, and we must take this into account in any interactions with

new robots.

Overall, however, when it comes to robots for use in therapy, there is still a lot of promise

and evidence for robotic utility. In a 2016 literature review, Pennisi and colleagues reviewed

28 studies to empirically determine if social robots be a useful tool in autism therapy [80].
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They found some generalizable observations, namely that participants with ASD performed

better in robot versus human conditions, sometimes participants with ASD had behaviors

with robots which are seen in typically developing people towards humans, and with robots

in therapy, more stimulation was better than less. In hopes of showing similarly promising

robotics research earlier in child development, at the earliest age at which a child may be

diagnosed with ASD (2 years old), this thesis provides thorough characterization on a large

number of varied but typically developing toddlers. With this broad baseline data, we hope

to enable future researchers to understand behavioral development in robot interactions.

Before we move to the experiments and results of this thesis research, we must discuss the

tools used in processing video data.

2.9 Deep learning

This thesis requires offline video analysis, for which we use state-of-the-art deep learning

methods. As will be discussed, we track people and robots over time from overhead video

footage; for finding these objects automatically, we employ Faster R-CNN from Ren, He,

Girshick, and Sun [85]. Every deep learning tool used in this thesis is implemented in the

Python programming language and TensorFlow, an incredibly robust tool from researchers

at Google [2]. We briefly discuss here the background neural network concept, specifically

convolution neural networks, necessary to understand Faster R-CNN.

Deep learning uses various formulations of neural networks. Neural networks are based

loosely on the concept of a human brain, in which a vast network (thousands or millions)

of interconnected nodes take input and any particular node fires if its input exceeds some

threshold. Neural networks can take as input any vector or matrix of numbers, or anything

that can be cast in numeric form. Networks can be feed forward, in which input passes

through different layers of nodes and eventually produces an output, or recurrent, in which

nodes also pass information backwards into previous layers of nodes. Neural networks
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are given many examples of data, and learn over time how to differentiate the data. In

networks used to identify images, for example, one might give the network a thousand

picture examples of cats, a thousand picture examples of dogs, as well as the label of cat

or dog. Eventually the network may learn to classify an image as a cat or a dog with the

different features it has learned, such as that cats generally have rounder faces, smaller

upright ears, and longer tails.

Convolutional neural networks, or CNN’s, are networks specifically designed to take

images as input, where an image is a rectangular matrix of pixels; the output could be

simple, like a single number to represent categorization, or complex, like a new image. A

convolution is a mathematical operation on two functions to produce a new function. In

terms of image processing, this consists of taking a tiny region of an image, such as a 3x3

square of pixels, applying a function to it, such as multiplying by another small matrix

(called a kernel), and storing the result in the corresponding location in an output matrix

(another image). By sliding over the entire image by small increments and storing the results

in a new output, we can produce a new image that has been changed in some way, such as

smoothed or sharpened. In mathematical applications, the kernel is known; however, when

training a convolutional neural network, the kernels themselves are what the network learns.

These kernels are also called filters, and serve to detect different features in an image.

A convolution neural network includes an input (an image), several hidden layers of

nodes, and an output. Layers commonly include convolutions, activations, pooling, and

fully connected layers. We already discussed convolution, or applying some kernel to small

areas of a matrix until the entire matrix has been convolved. An activation layer applies

some non-linear function to the input; a very common choice is the Rectified Linear Units,

or ReLU, which is a thresholding function. This layer adds a major non-linear component

to a CNN, but ReLU is one of several viable options. A pooling layer takes the output of

several nodes in the previous layer and combines them somehow into a single number; this

effectly downsamples the input. Max pooling, in which case the single output of a node is
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Figure 2.1: Sample convolutional neural network.

the maximum value of several nodes that feed into it, is a common choice. A fully connected

layer is one in which every node in the layer takes as input the output of every single node

in the previous layer. Some CNN’s will also include drop-out layers, which randomly trim

links between nodes, to help prevent over-training and make the trained network more robust.

A very common CNN format is given in Eq. (2.1), where N , M , and K are some constants.

INPUT → [[CONV → RELU ]∗N → POOL]∗M → [FC → RELU ]∗K → F (2.1)

Region-based Convolutional Neural Networks, or R-CNN’s, take in areas of interest,

or regions, of a larger image, and classify the contents according to labels the network has

learned. The success of an R-CNN depends largely on what method is used to find the

regions that are submitted for classification. Very good region detectors, tied with a very

good object classifier, will produce a network that is able to find objects in an image, classify

them, and return the locations of the objects in the image, the labels of those objects, and

the confidence the network has in each label.

The Fast Region-based Convolutional Neural Network method (Fast R-CNN) was

introduced in 2015 by Ross Girshick for fast object detection in images [44]. Faster R-CNN

combines Fast R-CNN with a new region proposal network, which is a fully convolutional

network that predicts object bounds and objectness scores [85]. The new region proposal

network, or RPN, is trained to find high quality regions, then uses Fast-RCNN for object
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detection. The RPN shares convolutional features with a detector network, making region

proposals extremely cheap. This enables very high quality object predictions in an image at

near real-time speeds. We will use the Faster-RCNN method to train a network to find and

label our particular items of interest, a NAO robot and human beings, later in Section 4.4,

and then just humans in Chapter 6.

2.10 Summary

This chapter summarized background in both psychology and computer science necessary

for this thesis. We discussed the link between gaze and social patterns that differ in

people with autism and typically developed people, namely in children. We have also

discussed where eye trackers, robots, and computer vision technologies have a place in

child developmental research, and why using socially assistive technology with children

with autism is both feasible and desirable. We discussed current research in the autism

therapy and diagnosis space that uses robots, and included some important criticisms from

the psychology community. We are now ready to discuss the experiments designed and

conducted for this thesis.
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Chapter 3

Eye Tracking Experiments

3.1 Problem definition and experimental design

We hypothesized that children would show statistically significant preferences between

robots or a human peer in a paired visual comparison task and preferential orientation in a

visual search task; if proven true, these preferences should influence the design of robots

and experiments for our primary research interest, robotics in autism. We choose three

robot types identified and discussed in [37]: anthropomorphic (having human qualities),

zoomorphic (having animal qualities), and caricatured (having animated or cartoon qualities),

leaving out one of the types, functional (designed purely for an intended operation).

To test our hypothesis, we use eye tracking, a technology commonly used to measure

attention and gaze preferences [58], to compare and contrast five different items of four

types: a social being (a 4 year old human girl), an anthropomorphic robot (the humanoid

NAO), two zoomorphic robots (the dinosaur Pleo and the dog AIBO), and a caricatured

robot (the ball Sphero). We designed two tasks: a dynamic video comparison that displayed

two of these objects on screen at a time, and a static image search that displayed all five of

the objects on screen at a time. These are shown in Figure 3.1.

We start by discussing the participants and validity criteria for inclusion in the study

results. We refer to the four robots or the social being as animates (short for ‘animate
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3.1. PROBLEM DEFINITION AND EXPERIMENTAL DESIGN

(a) Sphero (b) Pleo (c) AIBO

(d) NAO (e) Social

Figure 3.1: The five animates used in both eye tracking tasks.

object’). The Sphero robot (Figure 3.1a) is a mostly transparent sphere that can display

different colors, sized 3 x 3 x 3 inches. The Pleo robot (Figure 3.1b) is a green and tan,

Diplodocus-shaped dinosaur, about 4 inches wide, 8 inches tall, and 15 inches long. The

AIBO robot (Figure 3.1c) is a smooth, brown, plastic dog, about 7 inches wide, 11 inches

tall, and 12.5 inches long. The NAO robot (Figure 3.1d) is a white and orange humanoid

robot, about 2 feet tall; Chapter 4 details the NAO robot more fully. The Social being

(Figure 3.1e) is a four year old human girl, about 40 inches tall. The first and second tasks

use the same animates, but differ in how many animates are on-screen and whether the

display is dynamic or static.

The eye tracker used is a TOBII TX300 system from Tobii Technology AB [1]. The

tasks were displayed on a 27-inch ASUS wide-screen monitor set to refresh at 120 Hz. The

X300 is a desk-mounted dark pupil tracking system that has a temporal resolution of 3ms

(sampling rate 300HZ) and a gaze accuracy of 0.4° according to the manufacturers; we

compute our own gaze accuracy verification in the next section.
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3.1. PROBLEM DEFINITION AND EXPERIMENTAL DESIGN

Figure 3.2: The TOBII eye tracking sys-
tem. The researcher controls the experi-
ment at the computer on the left, and the
child sits on the parent’s lap on the right.

Figure 3.3: A closeup sample of what a
participant sees during Task One.

The eye tracking hardware setup is shown in Figure 3.2 for both researcher and partici-

pant views; Figure 3.3 shows just the curtained partition where the child is located and what

the child would see. During the eye tracking tasks, the curtain is closed and the lights are

dimmed to the lowest setting for every participant, to ensure the screen is the only thing of

interest during the task.

3.1.1 Data quality assessment

To ensure the quality of our data, we performed a calibration verification on the eye tracking

accuracy before the eye tracking tasks. Actual eye tracking accuracy can vary from the

manufacturer’s reported accuracy, due characteristics of the room such as lighting, participant

eye color and positioning [10], participant age [52], and even race [119], so we follow the

calibration assessment protocol in [25]. We computed a calibration accuracy for each

participant who took this calibration task and contributed at least 1 valid trial to each of the

two tasks described in the following section.

Calibration trials were performed with 44 of the 50 participants who finished the eye

tracking tasks described in Section 3.2 and Section 3.3. Of those 44, 33 participants
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3.1. PROBLEM DEFINITION AND EXPERIMENTAL DESIGN

contributed at least one calibration accuracy trial in the task. To compute calibration

accuracy, we first computed the longest fixation within six degrees of visual angle on each

of five calibration targets. We chose the longest fixation because it is most likely to be the

fixation that was intended to land on the target. We then calculated the average accuracy

and (x, y) coordinate error of those trials per participant (ignoring trials where there was

no fixation, or no fixation closer than six degrees of visual angle). We removed trials

where calibration accuracy was more than two standard deviations above the overall mean

accuracy for the group (higher degrees indicates a higher error). This resulted in 32 of the 33

participants that contributed at least one valid trial to the calibration verification task. The

average accuracy of these 32 participants is 1.026 degrees of visual angle, with an average

RMS for the x, y coordinates of 0.25 and 0.27 (rounded to two places), respectively.

We then calculated the correlation coefficient between the calculated accuracy, the root

mean squared (RMS) error of the recorded on-screen x and y coordinates of participant gaze,

one dependent measure from the first task, and two dependent measures from the second

task. The first task metric is the preference a participant had for looking at the NAO robot or

the Social being; the second task metrics are the proportion of first looks to the NAO robot

and the proportion of first looks to the Social being. There is a strong relationship between

the X and Y coordinate RMS error, but no significant relationship between accuracy or

RMS error and any measure from the two tasks; see Table 3.1 for details. This means that

the data quality (i.e. accuracy of the eye tracking equipment) did not influence any of our

dependent measures. Exactly one participant who passed the calibration verification task

did not contribute enough trials for their results to be included in the Task Two analysis,

resulting in 31 participants who passed calibration verification and enough trials below the

threshold for every other task.
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Table 3.1: Correlation coefficient matrix for accuracy, RMS error, and three dependent
measures from the eye tracking tasks (rounded) for 31 participants.

Accuracy RMS X RMS Y Task 1 Task 2-NAO Task 2-Social
Accuracy 1. -0.06 0.00 -0.20 -0.15 0.00
RMS X -0.06 1. 0.94 -0.12 0.21 -0.30
RMS Y 0.00 0.94 1. -0.09 0.25 -0.30
Task 1 -0.20 -0.12 -0.09 1. -0.02 -0.09

Task 2-NAO -0.15 0.21 0.25 -0.02 1. -0.37
Task 2-Social 0.00 -0.30 -0.30 -0.09 -0.37 1.

3.1.2 Data analysis approach

We are ultimately interested in children’s preferences for a particular animate. Preferences

are found in several ways: dwell time on a stimulus, reaction time to stimulus, and where

a participant looked during the duration of a stimulus. Longer dwell times, faster reaction

times, and more fixations all indicate a stronger preference for the stimulus. We used the R

language in the RStudio software, which contains a multitude of tests for determining statis-

tically significant differences between samples. When checking for statistical significance,

we assumed the worst about our data, which is that the data did not come from a known

or even normal distribution, and used non-parametric tests. We used the Friedman test for

stimuli comparing multiple items to control for repeated tests, and the Wilcoxon rank-signed

test when comparing two distinct items. We tested for effects of age and sex on our tasks

with Spearman’s rank correlation coefficient. Because not all participants underwent the

calibration verification protocol, in the interest of full disclosure we generate and report three

sets of results. These sets are: the minimum sample of high quality results (results only from

children who passed the calibration verification task, 32 participants), the medium sample,

of participants with known high quality results and those with the benefit of the doubt (those

who passed the calibration verification task, and those who did not complete that task, 38

participants), and the maximum sample, of every child who took the eye tracking task in

question (regardless of passing the calibration task, 50 for Task One and 49 for Task Two).
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3.1. PROBLEM DEFINITION AND EXPERIMENTAL DESIGN

In each case, we hold the participants in each group to the valid trial criteria described next

in Section 3.1.3, dropping trials as needed if they did not pass the moving threshold.

3.1.3 Participants and valid trial criteria

Participants were recruited from a laboratory-maintained database at the University of

Minnesota’s Institute of Child Development. Written informed parental consent was ensured

in advance of all testing; all research was approved by the university’s Institutional Review

Board. Though 52 children (28 males, 24 females) were recruited, 2 children could not

finish the eye tracking study, resulting in a final analysis of 50 total children, 28 males and

22 females, ages 18 to 45 months (mean 29.5, st. dev. 8.89 months). For each task, we

require participants to contribute enough valid trials for inclusion in that task. Trials in

which participants spent less than two standard deviations less than the mean time spent on

animates (as opposed to total time on screen) were not included; this mean was generated

by averaging all trials for a task, excluding participants who never looked at any animate

at all in a trial. Under this validity criteria, if a child contributed fewer than half of all

possible trials, the child was excluded from the task. We report the ratio of trials in which

participants started centered on the screen to total valid trials after applying the inclusion

criteria. Validity criteria and analysis criterion are given in Table 3.2.
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3.2. TASK ONE: DYNAMIC VIDEO PAIRED VISUAL COMPARISON

Table 3.2: Valid trial criteria in Task One and Task Two for the maximum group (all children
who participated in the tasks, regardless of passing calibration verification). Results rounded
to one decimal place for ease of viewing; in practice, numbers were not rounded. One
participant from Task One did not participate in Task Two due to researcher error.

Task One Task Two
Total Participants 50 49

Mean time on animates 3917.4 ms 2288.5 ms
Std. Dev. 1255.3 ms 676.3 ms

Validity Criteria 1406.7 ms 935.9 ms
Ratio Centered to Valid Trials 40.8% 68.4%

Analyzed Participants 48 45

3.2 Task one: dynamic video paired visual comparison

3.2.1 Experimental setup

The first eye tracking task we designed compared short videos of pairs of animates. Each

possible pair (NAO-AIBO, NAO-Pleo, NAO-Sphero, NAO-Social, AIBO-Pleo, AIBO-

Sphero, AIBO-Social, Pleo-Sphero, Pleo-Social, and Sphero-Social) was displayed in

random order in 5-second videos. We created two sets of unique video pairs for each

animate, and showed each video pair in both possible locations (e.g. NAO on left, Social on

right, and the same animate videos but with Social on left, NAO on right) to guard against

possible screen side bias. This resulted in 40 videos overall, with a brief break for the

participant as needed between these two blocks. The first set of randomized 20 videos is

called Block 1; the second set of 20 randomized videos is called Block 2. Each video is

separated by a small, centered, attention-getting shape to re-center the participant’s gaze.

This attention-getter is meant to guide the participant’s gaze to the neutral center of the screen

before any stimulus is shown, so as not to bias any animate with an unintentional fixation.

When the researcher overseeing the eye tracking tasks determined the child was looking at

the screen during an attention-getter, she triggered the next video with the keyboard.

Along with controlling for the side of the screen the animate was on, we controlled
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3.2. TASK ONE: DYNAMIC VIDEO PAIRED VISUAL COMPARISON

Figure 3.4: Sample frames from original and reversed images from both blocks of the
Social-NAO pair from the dynamic video comparison task.

for similar movements by the on-screen animates. Each set of videos had the robots or

Social being moving in a similar way, or with similar objects, to ensure the motions were

not unfairly competitive. For example, one video pair of NAO and Social had each kick a

pink ball towards the camera. Another pair, Social and AIBO, sat on the floor and moved

slightly – the AIBO robot slowly rotated its head and shook its ears, and the Social being

looked at the camera and rubbed her leg. A sample frame from each of the four NAO-Social

videos is shown in Figure 3.4; the top two frames are the original and reversed videos in

Block 1, and the bottom two frames are the original and reversed videos in Block 2.

In Block 1 and 2, each video is 561x536 pixels, in color, with a bland background

(a white wall and tan floor). Videos in both blocks, attention getting shapes, and static

picture displays are overlayed on a 1920x1080 pixel gray background. Each pair of videos is

separated by 202 pixels of gray space. Participants sit roughly 60 cm away from the screen,

at which distance one degree of visual angle is about 42 pixels. We included a 1 degree of

visual angle buffer around each item, such that if the child looks within 42 pixels of a video,

we consider that child to be looking at the video. This region that counts as ‘looking at an
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3.2. TASK ONE: DYNAMIC VIDEO PAIRED VISUAL COMPARISON

Figure 3.5: Sample frame of the dynamic video comparison task, including the area of
interest buffers.

item’ is called an area of interest, or AOI. The videos are 2 degrees of visual angle from

each other (including the buffer zone), and when a child’s gaze is focused on the center of

the screen (from looking at the attention getting shape) at the beginning of the video, the

child must move their gaze a full degree of visual angle to get to one video or the other. This

gives us confidence that the child meant to look at the video, rather than recorded results

being influenced by natural eye jitter or badly calibrated hardware. Figure 3.5 shows the

location markup on a sample video. Each attention getting shape is 40x40 pixels, centered

in the middle of the screen. Figure 3.6 shows a sample attention getter.

Figure 3.6: Sample attention getter. Not to scale.
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3.2. TASK ONE: DYNAMIC VIDEO PAIRED VISUAL COMPARISON

Table 3.3: Ratio of time spent on animate in comparisons of Social vs other robots, NAO vs
other robots, and NAO vs Social for the Maximum group.

Social vs Others NAO vs Others NAO vs Social
Min. -24.270 -36.80 -59.980

1st Qu. 3.086 17.78 -6.876
Median 23.890 36.15 9.589
Mean 19.080 34.07 10.190

3rd Qu. 35.600 44.08 35.610
Max. 66.770 89.98 73.030

3.2.2 Results

We first analyzed the preference of the participant in a particular pair, or trial. The preference

is calculated by taking the time spent on each stimulus in a pair, dividing that number by

time on screen, and subtracting the preferences. Preliminary analysis indicated a strong

preference for Social and for NAO, so we collapsed the other robots (Sphero, Pleo, AIBO)

into a single category we called “Other.” The subtractions are NAO ratio minus Social

ratio (so a positive number indicates preference for NAO, and a negative number indicates

preference for Social), NAO ratio minus Other ratio (positive number indicates preference

for NAO), and Social ratio minus Other ratio (positive number indicates preference for

Social). For this task, we added another validity criteria that a child had to contribute at

least 50% valid trials for videos comparing the NAO and Social animates; this ensures that

only participants who contributed to the Social vs. NAO comparisons are represented in the

over-all preferences. No participants were dropped due to this added constraint. If the robot

pair did not include NAO or Social, we ignored it. Figure 3.7 shows this preference ratio.
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(a) Participants who took and passed calibration verification.

(b) Participants who took and passed calibration verification, or who did not take it.

(c) All participants (regardless of taking or passing calibration verification).

Figure 3.7: Ratio of time spent on animate in comparisons of Social vs Other robots, NAO
vs Other robots, and NAO vs Social. Empty colored circles indicate a data point; solid black
circles indicate outliers in the box-and-whisker plot. There was not a significant effect of
which group participants were in on the over-all preference trends.
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Figure 3.8: Sample image from the static search task.

3.3 Task two: static image visual search

3.3.1 Experimental setup

The second eye tracking task we designed measured which animate participants responded

to first and in subsequent fixations, how fast participants responded to the first animate

(excluding those who did not start the trial looking at the center of the screen), and which

animate participants gazed at the most throughout the trial. We showed five images in

random order, with all five animates ordered in different (specific) locations in each image;

each image was shown on screen for 3 seconds. Images were separated by a brief attention-

getting shape in the center of the screen. A sample image is shown in Figure 3.8.

Each picture is reduced to a circle 180 pixels in diameter, evenly spaced about the center

of the gray background at (960, 540), exactly 84 pixels away from their nearest neighbors,

and 110 pixels away from the center of the screen, which is roughly 1.6 degrees of visual

angle from the center. See Figure 3.9 for a sample location markup on the static pictures.
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Figure 3.9: Picture dimensions including the area of interest buffers.

3.3.2 Results

The proportion of first looks to an animate is shown in Figure 3.10. These results indicate

participants on average look more at the Social being on their first fixation than at any other

animate. This logically leads us to ask if participants have any preference for the humanoid

robot over any of the other robots, or if the different types of robots are equally interesting

as each other, and equally less interesting than Social. Consequently, we calculated the

proportion of looks on animates for the first ten fixations, shown in Figure 3.11. There is a

statistically significant difference between Social and NAO on the first fixation (p < 0.05) in

the maximum group, and none on subsequent fixations. Though the medium and minimum

groups do not show statistically significant preferences between Social and NAO, the same

trends are very visible.

Results also showed statistically significant (p < 0.05) differences between ratio of

Social to the other non-NAO robots for all fixations until fixation 8 (not shown on graph

for simplicity). While there appears to be a sex difference for the proportion of fixations

per animate, tests were underpowered to detect the effect of sex; see Figure 3.12 for male
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participants and Figure 3.13 for female participants.

The average time on an animate is shown in Figure 3.14, and shows that participants

spend the most time on the NAO and Social animates. The average reaction time to the

first fixation (time to look from the center of the screen to the first animate) did not vary by

animate; see Figure 3.15 for average times to react to an animate. This graph only includes

children which began a particular trial with a centered gaze; the color bars indicate the error

of the average point if a participant’s first fixation was on the same animate in different

trials.
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(a) Participants who took and passed calibration verification.

(b) Participants who took and passed calibration verification, or who did not take it.

(c) All participants (regardless of taking or passing calibration verification).

Figure 3.10: Proportion (out of 5) of first looks on different animates in the static search
task. Empty colored circles indicate a data point; solid black circles indicate outliers in the
box-and-whisker plot.
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(a) Participants who took and passed calibration verification.

(b) Participants who took and passed calibration verification, or who did not take it.

(c) All participants (regardless of taking or passing calibration verification).

Figure 3.11: Ratio of gazes on animate by fixation number. Asterisks indicate statistically
significant gaze differences between Social and NAO (p < 0.05).
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(a) Male participants who took and passed calibration verification.

(b) Male participants who took and passed calibration verification, or who did not take it.

(c) Male participants (regardless of taking or passing calibration verification).

Figure 3.12: Ratio of gazes on animate by fixation number for males.
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(a) Female participants who took and passed calibration verification.

(b) Female participants who took and passed calibration verification, or who did not take it.

(c) Female participants (regardless of taking or passing calibration verification).

Figure 3.13: Ratio of gazes on animate by fixation number for females.
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(a) Participants who took and passed calibration verification.

(b) Participants who took and passed calibration verification, or who did not take it.

(c) All participants (regardless of taking or passing calibration verification).

Figure 3.14: Average time spent on animate in any valid trial. Empty colored circles indicate
a data point; solid black circles indicate outliers in the box-and-whisker plot.
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(a) Participants who took and passed calibration verification.

(b) Participants who took and passed calibration verification, or who did not take it.

(c) All participants (regardless of taking or passing calibration verification).

Figure 3.15: Average time to react to an animate for participants who started the trial with
centered gaze. Empty colored circles indicate a data point; solid black circles indicate
outliers in the box-and-whisker plot.
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3.4 Discussion

The first eye tracking task shows a preference for the NAO robot over the Social being, a

strong preference for NAO over the other robots, and a strong preference for the Social being

over the other robots. This indicates children are more interested in looking at the NAO and

at the Social being over the other robot types displayed. The preference for NAO over Social

is not as strong, indicating they may be nearly as interesting, but perhaps something about

the novel technology aspect tips in NAO’s favor. The second eye tracking task shows a clear

initial preference for looking at the Social being, followed by a rise in interest in the NAO

robot. Both animates dominate proportion of looks at animates, reaction times to animates,

and total time spent looking at animates. We interpret these results as a strong interest in

Social beings and humanoid robots more so than other robot types. Taken together, these

eye tracking experimental results suggest children in this age range show a preference for

the NAO that appears similar to the preference for live human peers, and the preference for

NAO is clearly greater than those of other robots.

Future research should further explore if there is a preference for the gender of the

displayed social beings given the gender of the participant. While we did not see statistically

significant effects of gender on preference of NAO to social being, the rising interest in

the NAO during the static image search was more visible in male participants than female

participants. Researchers should also consider comparing a larger number of the robots

currently on the market or used in research, and comparing those robots to each other in eye

tracking experiments to quickly validate the preference of one humanoid over another for

the particular research question.
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Chapter 4

Human-Robot Interaction Experiments

4.1 Problem definition and experimental design

As part of our goal of helping diagnose Autism Spectrum Disorder earlier in life, we first

need to further characterize the autism phenotype. To do so, we seek quantitative data about

participants’ development and how they react to a social robot.

We begin by collecting results of both well-established and newer developmental as-

sessments. We have a large sample size of 59 children (detailed further in Section 4.2),

all of a consistent age group (two to four years), and we use a documented, portable, and

psychologist-reviewed robot interaction experiment. For each participant, we do the fol-

lowing assessments: Vineland Adaptive Behavior Scales [107], Mullen Scales of Early

Learning [74], video-referenced rating of Reciprocal Social Behavior (vrRSB) [72], Social

Responsiveness Scale- Second Edition (SRS-2) [20], Child Behavior Checklist (CBCL)

[3], Infant Toddler Social Emotional Assessment (ITSEA) [12], Strengths and Difficulties

Questionnaire (SDQ) [46], Repetitive Behavior Scale- Early Childhood (RBS-EC) [122],

and Children’s Social Understanding Scale (CSUS) [110]. Nearly half of these children also

participated in the eye tracking experiment, detailed in Chapter 3.

We then designed a human-robot interaction (HRI) protocol for use with very young

children. The HRI experiment is a 9-15 minute long interaction designed for children aged
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two to four years old with the NAO robot from SoftBank Robotics (previously Aldebaran

Robotics). The robot plays interactive games with the child, including mimicry games,

dances, and looking games. The entire interaction is recorded from several different per-

spectives for later offline analysis. The ultimate goal is to be able to automate interaction

detection, including the distance from the child to the other actors (caregiver, experimenter,

and robot) at any point in time, the object of the child’s attention at any point in time, and

child’s reaction to the robot’s bids for attention or reaction.

During the HRI experiments, we introduce a child to a new friend Robbie the Robot

(a NAO). Robbie plays different games such as I Spy (a looking game that encourages the

child to find objects in the room), Simon Says (a behavior imitation game that encourages

the child to copy motions possible with gross motor skills like clapping and waving), and

several dances. The set of games is in the same order for every child. The experimenter

controlling the robot imitates some of the robot’s movements, encourages the child to do the

same, and plays along during some of the looking games, and encourages the child to do the

same.

4.2 Participants

Children were recruited from a laboratory-maintained database at the University of Min-

nesota’s Institute of Child Development. Written informed parental consent was ensured in

advance of all testing; all research was approved by the university’s Institutional Review

Board. The experiment initially recruited 65 total children; of these, five of the experiments

were not recorded due to equipment failure, or not performed because the child was judged

not capable of interacting calmly with the robot. One participant laid on the floor while

the caregiver and both researchers in the room tried to encourage the child to interact; as

no other child had this highly unusual configuration (3 adults interacting directly with the

child), this data was not included for analysis. Six of the 59 remaining experiments ended
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early due to equipment failure or because the child wanted to end the experiment early;

scoring data for those 6 children were included in all analyses, and interaction proxemics

and data were analyzed right up to the stopping point of the experiment. The final analysis

involves 59 children – 31 boys, 28 girls, minimum age 25.3 months, maximum age 45.2

months, mean age of 33.1 months, st. dev. of 4.6 months. Notably, 29 of the 59 participants

that were recorded for the HRI study discussed here also participated in the eye tracking

study; these participants are discussed further in Chapter 5.

4.3 Experimental method

The NAO robot is a 2 foot tall humanoid robot; it has 25 degrees of freedom and a multitude

of sensors, which include touch sensors in hands and feet, sonar, microphones, video

cameras, and infrared LED receivers. NAO can also change the colored LEDs near what

look like eyes, blink various lights around its body, and play music. NAO is capable of

standing up, sitting down, walking, tracking movement, and tracking faces. NAO comes

with a library of common behaviors (sitting, standing, blinking) as well as capabilities to

design and record new movements, such as dances. Figure 4.1 shows the NAO robot in the

middle of a dance.

Our NAO HRI program is composed of seven pieces designed to encourage social

interaction, which we call a ‘press’ for social interaction. Details on programming the NAO

robot, as well as the specific phrases used by the robot during the interaction, can be found

in Appendix A. During all HRI experiments, there is always the child, the robot, and the

experimenter controlling the NAO in the room; there is also usually at least one caregiver

and another researcher. The HRI experimenter is seated on the floor next to the robot,

controlling the robot via laptop if necessary, while the child is watching the robot (seated or

standing on the floor, or seated on a chair or a parent). If the child is too shy to interact with

the robot alone, they may sit next to or on the caregiver. If the child is comfortable, then the
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caregiver is seated away at a table talking with the other researcher, being interviewed for a

development assessment regarding the child.

The interaction is recorded from up to four perspectives, which include from up to two

sides of the room, from the robot’s perspective, and from a GoPro mounted on the ceiling.

The GoPro records video at a resolution of 1280 x 960 pixels at 30 fps. The GoPro is the

only camera that is always located in the same place, and it is the only view from which

we are able to see all participants in the room (unless, as in a few instances, the child plays

under a table in the room, in which case their location is easily estimated). Figure 4.2 shows

part of a frame from an overhead view; the child participant is facing the robot, close to the

experimenter, and the child’s parent is in discussion with another researcher. The overhead

GoPro recordings produce all the results we discuss in this thesis.

In order, the presses are: (1) Simon Says, (2) Happy Dance, (3) I Spy, (4) ByeByeBye,

(5) I Spy, (6) Simon Says, and (7) Tai chi. Presses 1, 3, 5, and 6 are games, and presses 2, 4,

and 7 are dances. Each press is separated by verbal encouragement from the robot and/or

expressing interest in playing more games. Encouragement includes phrases like “you’re

doing a great job” and expressing interest includes phrases like “now I want to get up and

dance.” The next press is always started manually by the experimenter, to give the child a

chance to seat themselves more comfortably, get a snack, or otherwise take a short break. If

the experimenter does not trigger the next press, it starts automatically after 1 minute passes.

The “Simon Says” presses are adaptations of the game Simon Says, a common American

game with one leader and at least one follower, in which the leader says to do an action that

the followers then imitate. In our version, the robot says an action (e.g. “I touch my nose”),

performs the action, then asks the child to do the same thing (e.g. “can you touch your

nose?”). The “I Spy” presses are adaptations of the game I Spy, a common American game

in which one person picks a visible item, says what it is without saying where it is, after

which the others have to find the same item. In our version, the robot looks around, says

what they see (e.g. “I see a cat”), and asks the child if she can see it (“Do you see a cat?”).
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Presses 2, 4, and 7 are dances, during which the NAO plays music from its speakers and

dances along with the song. The (2) “Happy” dance is the song “If you’re happy and you

know it,” in which the singer encourages an action, for example “If you’re happy and you

know it clap your hands. Clap, clap!” The robot stands, plays the music, and does the action

to the singer’s prompting in each case, which are: clap your hands, stomp your feet, say OK,

and do all three. The (4) ByeByeBye dance is a standing dance set to a popular 90’s song,

with lyrics but no encouragement for action. The robot dances along to the song. The (7)

Tai chi dance is a very slow, modified opening posture from the martial art Tai Chi followed

by a stretch, all set to slow music; the robot stands, moves its arms, and balances once on

each foot in turn.

The experimenter varies in reacting to the NAO. Presses 1, 3, 5, and 6 are made up of six

different imitation or seeing requests. The experimenter reacts to the robot on every other

request, starting at the first one, to demonstrate to the child what to do. For example, the first

request in Press 1 is “I touch my nose. Can you touch your nose?” At this, the experimenter

says “Yes, I can touch my nose!” and does so, and then encourages the child to touch their

nose. The second request is to fist bump (close hands and gently tap knuckles together), but

the experimenter obviously looks away at a nearby sheet instead of paying attention to the

robot or following the request. The third request is to clap twice; the experimenter affirms

she can do it, demonstrates it after the robot demonstrates it, and asks the child if she can

also perform it. This is for later coding child behaviors to determine if the child performs the

request at the behest of the robot, or the experimenter, or the caregiver, or none of the above.
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Figure 4.1: NAO dancing.

Figure 4.2: Example of the room layout as seen from
the ceiling. The child stands in front of the NAO, which
is also standing. The robot-controlling experimenter
sits near the robot; the caregiver is seated in the top right
of the screen shot, speaking with another researcher.

4.4 Video analysis: tracking people and robots

We are interested in the social distances between the child and the others in the room:

the child’s parent, the novel robot, and the novel human experimenter. To automatically

determine these distances, we took two approaches. The first approach was to create software

to track objects of interest in the overhead video footage. The software used the Python

language and the open-source computer vision module, OpenCV. The program first reads

a video and a configuration file that contains the names of the people or robot of interest;

then it allows the user to choose the originating location of each item of interest and uses a

tracking algorithm to track each area of interest over time. The tracking algorithm could

be anything that exists in OpenCV (e.g. MedianFlow, TLD) or a programmer could write

their own, but for our experiments the most reliable tracker available was the AdaBoost [39]

algorithm implemented in OpenCV 3.1 and Python 3.4.

The first software version, seen in Figure 4.3, shows the experiment tracker interface.

The user identifies the location of all the actors she wants to track (for example, NAO robot,

child, parent, and experimenter). The software tracks each actor over time, and the user
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Figure 4.3: Sample run of object tracking in HRI experiment.

can adjust the size and location of the actor manually or simply let the tracker follow it.

From the coordinates and size of each actor, we estimate the distance between each actor at

every frame (given an off-line measure of the pixel-to-foot conversion rate in an undistorted

video). This software version produced the distance data analyzed in this chapter.

The second version of the software is a more robust tracker that uses a neural network

trained on over 16, 000 annotations of people and the NAO robot. Figure 4.4 shows an

annotation from the HRI experiment described here. Other videos annotated for training the

network included two other experiments in different rooms, both from ceiling perspectives.

This software identifies all people and NAO robots in every frame over the length of a video.

We wrote a script for processing the output box coordinates from the nueral network that first

asks the user to label each actor (Figure 4.5) and then replays the entire video (Figure 4.6),

allowing the user to re-key object labels as needed (because the tracker does not detect every

object in every frame, occasionally generates false positives, or needs to track additional

people entering the room or stop tracking people that have left the room). This CNN-based

person and robot finder produced the results shown in Chapter 6.
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Figure 4.4: Sample annotation. Adults (caregivers and other researchers) are labeled ’a’,
the experimenter controlling the robot is labeled ’e’, the child is marked with ’c’, and the
robot is marked with ’r’. In practice, the network was trained on all humans as one class and
the robot as another.

The neural network, an object detection network in the Region-based Convolutional

Neural Network (R-CNN) family [45] known as Faster-RCNN, uses the TensorFlow Object

Detection API [19]. Following the network retraining approach adopted in Rosebrock’s

deep learning book [95], our network modifies a set of weights originally generated with

the Common Objects in Context (COCO) dataset [63]. Using the publicly available COCO

weights, we retrained the network on the human-robot annotations for 150, 000 epochs. We

used computing resources from the Minnesota Supercomputing Institute, located in the

University of Minnesota, to retrain the nueral networks in this thesis.

In either case, the software produces the (x, y) coordinates of each animate and the

radius of the animate. We then convert the distance from raw pixel values to distance, using

an empirically-found conversion rate of 52 pixels to 1 foot. Taking the center location of the

animate, minus the radius of the animate, we calculated the distance in feet between objects

of interest.
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Figure 4.5: The user labels each actor detected in the first frame of the video.

Figure 4.6: Sample run during replay of actors found throughout a video.
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4.5 Video analysis: detecting person orientation

Along with knowing the distance from the child to other animates, we also want to know

where she is looking. This requires calculating which direction the child is facing, or the

orientation. The child’s orientation allows us to calculate who or what the child is facing,

which would tell us how interested the child is in gazing at a real-life robot, or if they prefer

to look at the novel human experimenter, their parent, or something else in the room. To

automatically determine the child’s orientation, we needed to develop some new methods.

Our work differs from other research in object and orientation detection by restricting

ourselves to a single overhead camera; previous person orientation detection relies on more

information. This data generally comes from additional cameras or from additional sensors,

e.g. the commercially available depth sensor Kinect.

Much work estimates gaze orientation by tracking eyes or faces, which results in varying

levels of accuracy and requires varying levels of cooperation. Highly accurate, commercially

available eye tracking systems can require calibration for each participant and thus requires

thorough cooperation in subjects, such as the TOBII system [1] used in Chapter 3, and also

depends on the person being directly in front of the sensors. Other cooperation-free systems

estimated gaze by first detecting facial features, such as work extending Active Appearance

Models [22] and Constrained Local Models [23]. Both methods use facial features, meaning

any video footage must show a lot of the subject’s face.

Multiple camera systems work well for tracking people and reconstructing the environ-

ment, but we cannot depend on multiple angles of our participants. Sivalingam studied a

similar environment in [104], using multiple cameras and depth sensors to track children

and adults in a classroom setting. That work was concerned with analyzing the motions of

children and tracking movements and patterns across multiple sessions, whereas the children

in our assessments will not repeat the assessments and give longitudinal data. Bidwell used

an overhead camera on a child in a seated, known location to track gaze orientation from
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zero to 180 degrees left or right, but first found the orientation from another camera facing

the participant in [9] and was able to keep the child directly under the overhead camera.

4.5.1 Multiple kernel learning

The work detailed here was first published in [69]. From the overhead video footage of our

robot interaction experiments, we take frames from every video using the child’s location to

cut out a frame of the child’s full body, and, manually, cropping the child’s head in a closer

frame. Every image is up- or down- sampled to size 80 by 80 pixels; samples of body and

head images are shown in Figure 4.7. Each image was manually assigned an orientation:

cardinal directions of north (straight ahead), east (to the right), south (towards the bottom of

the photo) west (to the left), and intercardinal directions of northeast, southeast, southwest,

and northwest. The first dataset we constructed contained over 300 samples each of both

cardinal and intercardinal directions of overhead head photos, and over 200 samples each

of cardinal and intercardinal directions of bodies. This set of 2400+ head samples and

1600+ body samples forms our training set. Some of the direction samples were copied and

rotated and labeled as a new direction; to control for over learning on this augmented dataset,

we sampled another two participant videos and labeled both body and head directions to

make over 50 samples of every direction for testing. These data were not augmented by any

additional rotations, so each of these 400+ images are unique. This data forms the test set.

Dalal and Triggs used the histogram of oriented gradients (HOG) on a large dataset

of photos of pedestrians in [24], and HOG features have been successfully used in other

identification tasks, as in [61]. Our first approach to orientation detection was to take the

HOG features of every photo in our dataset, using the testing and training images just

detailed. Examples of training images and their HOG features are shown in Figure 4.7.

Multiple kernel learning (MKL) [14] is able to combine features at different levels in a

well founded way that learns to incorporate a predefined set of SVM kernels automatically.
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east northeast north northwest west southwest south southeast

(a) Body images and HOG features

east northeast north northwest west southwest south southeast

(b) Head images and HOG features

Figure 4.7: Examples of (a) full-body images and (b) head images of subjects facing each
direction, and visualization of their HOG features.
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It aims at removing assumptions of kernel functions and eliminating the burdensome manual

parameter tuning in the kernel functions of support vector machines, or SVM’s. Formally, it

defines a convex combination of m kernels. The output function is formulated in Eq. (4.1):

s(x) =
m∑
k=1

[βk 〈wk,Φk(x)〉+ bk] (4.1)

where Φk(x) maps the feature data x using one of m predefined kernels, with an L1

sparsity constraint. The goal is to learn the mixing coefficients β = (βk), along with

w = (wk), b = (bk), k = 1, . . . ,m. The resulting optimization problem becomes:

min
β,w,b,ξ

1

2
Ω(β) + C

N∑
i=1

ξi, s.t. ∀i : ξi = l
(
s(x(i)), y(i)

)
(4.2)

where (x(i), y(i)), i = 1, . . . , N are the training data and N is the size of the training set.

Specifically, x(i) is a HOG feature vector, with its corresponding training label y(i) = 1 for

a positive sample and y(i) = −1 otherwise.

In Eq. (4.2), C is the regularization parameter and l is a convex loss function, and Ω(β)

is an L1 regularization parameter to encourage a sparse β, so that a small number of kernel

functions are selected. This problem can be solved by iteratively optimizing β with fixedw

and b through linear programming, and optimizingw and b with fixed β through a generic

SVM solver. These equations depict the standard binary classifier. In this work, they are

extended to address the multiclass classification problem by one-against-all implementation

of binary classifiers.

We used MKL to classify orientations on the body images and, separately, the head

images. We trained three models on each image set – a linear kernel SVM, a radial basis

function (RBF) kernel SVM, and a MKL model. For the single kernel approaches, the
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Table 4.1: A quantitative comparison of the model performances.

Images Kernel(s) Accuracy F1-score
body linear 0.207 0.151
body Gaussian 0.241 0.216
body MKL 0.296 0.275
head linear 0.453 0.453
head Gaussian 0.485 0.483
head MKL 0.515 0.508

regularization parameter C was optimized using a 3-fold cross validation. We selected

a fixed Gaussian kernel (σ=0.5) for the RBF models. The MKL approach automatically

selected kernels from a list of Gaussian RBF kernels (σ = 0.5, 1, 2, 5, 7, 10, 12, 15, 17, 20)

and polynomial kernels (degree = 1, 2, 3). Its regularization parameter C was 1.

The classification performances were measured with accuracy and F1 score. Accuracy

is defined in terms of true positives, TP (positive examples labeled correctly), false posi-

tives, FP (negative examples incorrectly labeled as positives), true negatives, TN (negative

examples labeled correctly) and false negatives, FN (positive examples incorrectly labeled

as negatives). Accuracy is determined by Eq. (4.3):

Accuracy =
TP + TN

TP + TN + FP + FN
(4.3)

The F1 score combines precision (TP/(TP + FP ) or the fraction of elements labeled

with a label that is correct) and recall (TP/(TP + FN) or the fraction of elements with

the label that were actually found) into one number, given in Eq. (4.4).

F1 = 2 · precision · recall
precision+ recall

(4.4)

Table 4.1 compares the performance of these models.
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In general, the single overhead images are difficult to classify because of the lack of

facial features. The MKL approach outperforms single kernel SVM’s, by automatically

selecting the best kernels. Particularly, head images are better than full body images for the

task of orientation classification. The performance gap between these two image sets is over

20% accuracy. As shown in Figure 4.7, in most of the images, children are sitting on the

ground, with a variety of body poses. Therefore, including the body region may introduce

more noise than useful features.

Table 4.2 shows the confusion matrix of the classification. It can be seen that misclassifi-

cation often happens between opposite directions or adjacent directions. Figure 4.8 presents

success and failure examples of the test images, which include correct classifications (in

blue boxes), misclassified adjacent directions (in yellow boxes), and other misclassified

examples (in red boxes). Note that the test images are of different subjects from the training

images. The model may fail when the test sample has a different hair color or style that is

not seen in the training set.

Given that either version of the person tracker locates entire bodies of people and robots,

using the best MKL model would further require an automated head detection on top of

the person detection in video footage. Add to that, a 50% accuracy is simply not accurate

enough to give us reliable, useful data regarding where children are looking. To that end,

we took a second, more thorough approach to orientation detection, and turned again to

convolutional neural networks.

4.5.2 Deep learning

Because HOG was easily confused by headshapes that are really 180° different, and some-

times had misclassifications for unknown reasons, we trained several convolutional nueral

networks to identify orientation. We skipped trying to identify orientation simply on heads,

training instead on full body images, so that identified persons from either version of the
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Table 4.2: Confusion matrix of the best performing model (MKL on head images).

E NE N NW W SW S SE
E 24 13 0 0 7 4 0 3

NE 3 39 0 0 0 7 2 0
N 0 2 28 8 0 2 5 8

NW 4 1 2 28 7 0 2 10
W 5 7 3 4 19 24 1 1

SW 2 14 7 1 1 27 2 0
S 2 2 17 2 0 2 24 6

SE 3 0 0 10 2 0 5 37

E
N
E

N
N
W

W
SW

S

E

SE

NE N NW W SW S SE

Figure 4.8: Qualitative visual representation of correctly and incorrectly labeled images.
Blue boxes are correct classifications, yellow boxes are misclassified adjacent directions,
and red boxes are the other misclassified examples.
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Table 4.3: Best set of CNN’s tested for orientation.

Dataset Augmentations? Epochs Accuracy?
168 No 4,000 80.13
168 No 50,000 87.57
168 No 100,000 86.9
168 Yes 4,000 57.07
325 No 4,000 66.92
325 No 50,000 86.19
325 No 100,000 86.76
325 Yes 4,000 48.38

168 + 950 No 4,000 60.14
168 + 950 No 50,000 76.71
168 + 950 No 100,000 81.88
168 + 950 Yes 4,000 53.89
325 + 950 No 4,000 56.97
325 + 950 No 50,000 72.94
325 + 950 No 100,000 76.95
325 + 950 Yes 4,000 50.95

person trackers could be fed directly into the orientation classifier without attempting to

identify heads within a person image and doubling the amount of detection actually neces-

sary (though we also did that, with results no better than the networks described hereafter,

so these details are omitted).

We first annotated a larger dataset, expanding the video sources. The first set of images

sampled from the human-robot interaction videos discussed in Section 4.4; a sample is shown

in Figure 4.9. The second and third set of images sampled from different sessions of an

in-group bias experiment, detailed in Chapter 6, which both had very different backgrounds

from the experiments detailed in this thesis and each other; these images are shown in

Figure 4.11 and Figure 4.10. By sampling different overhead videos, we sought to make

the network more robust. These images came directly from bounding boxes generated from

the deep learning person / robot detector; the bounding boxes are very tight, and the overall

images are quite good. This dataset contains 2, 600 samples total of the 8 cardinal and
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Figure 4.9: Image sample
type one, from videos gen-
erated in this thesis.

Figure 4.10: Image sample
type two, from an in-group
bias experiment.

Figure 4.11: Image sam-
ple type three, from an in-
group bias experiment.

intercardinal directions (north, east, south, west, northeast, southeast, southwest, northwest).

Unfortunately, not all directions had an equal number of original samples, with intercar-

dinal directions (northeast, northwest, southeast, and southwest) having the fewest. We thus

retrained networks with a few different bases. The first set of networks used the smallest

number of original samples to be had for any direction that could be formed with a multiple

of a 90° turn (168 images), ignoring any samples in excess of that. The second used the

smallest even number possible (325 images), rotating any excess samples by whatever degree

required; for example, rotating an image labeled west by 45° to form a northwest sample.

This results in some added blackout due to the rotation; see Figure 4.12 for an image that

might be used to form an cardinal direction, and Figure 4.13 for a cardinal direction rotated

to form a northeast label. The third base uses the 168 or 325 images, plus 950 samples

of bodies which came from the earlier tracker, which tracked square regions of interest.

Though this was fine for generating location coordinates, for tight person bounding boxes,

it tends to include large sections of floor, especially on caregivers who are off to the side

of the room and therefore camera. These images, of poorer quality, but which included the

(manually cropped) body images used in MKL training, were also added to the 168 or 325

datasets.

We trained several networks, the best of which are described here. Because a common

and fruitful approach is to retrain the last few layers of a convolutional neural network
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Figure 4.12: A sample image that can
form any cardinal direction.

Figure 4.13: A cardinal direction rotated
to bolster an intercardinal direction.

(CNN) that was already trained on a very robust dataset for many epochs, we spent minimal

time crafting CNN’s from scratch, and they did not perform better than the results detailed

here, and details are omitted. For the following orientation-focused networks, we retrained

weights from the publicly available Inception-v3 weights. Inception-v3 is trained on the

ImageNet Large Visual Recognition Challenge, from 2012 data, which contains 32x32 pixel

images of 1000 different classes such as zebras, dishwashers, and motorized scooters. We

followed guidance from a Google Codelabs [17] to retrain the network.

We retrained networks using just the above datasets of 168 or 315 sample per orientation,

as well as each of those combined with the dataset of 950 samples of bodies which include

the body images used in MKL training. Retraining the inception-v3 network for 4, 000,

50, 000, and 100, 000 epochs, both with augmentations (including up to 20% random edge

cropping, up to 10% random scaling, and up to 10% random brightness change) and without

augmentation, we then tested the network on the original samples of images. Table 4.4

shows the confusion matrix of the network trained on a smaller but more pure number of

samples, with an accuracy of 86.90%. Table 4.5 shows the confusion matrix of the network

trained on a larger, bolstered network, with a similar accuracy of 86.76%.

In practice, however, this network worked poorly. Figure 4.14 shows the 325-trained
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Table 4.4: Confusion matrix for orientation with only 90° rotations of images to form the
training and testing set, at 168 samples per direction, with an accuracy of 86.90%.

N E S W NE NW SE SW
N 146 2 2 3 8 4 1 2
E 3 150 5 3 2 3 2 0
S 2 2 160 0 1 1 1 1
W 3 5 8 139 4 3 2 4
NE 5 0 3 1 151 3 2 3
NW 6 4 0 5 9 137 4 3
SE 2 10 3 2 2 3 140 6
SW 2 2 5 4 6 0 4 145

Table 4.5: Confusion matrix for orientation with a bolstered training set, in which any image
could be rotated to make a new direction which might generate images with black patches
(see Figure 4.13) at 325 samples per direction. The network’s accuracy on the training set is
86.76%.

N E S W NE NW SE SW
N 284 5 11 7 7 6 4 1
E 5 293 7 5 2 2 9 2
S 7 3 281 14 4 1 10 5
W 11 10 5 274 7 7 4 7
NE 5 7 1 2 271 15 10 14
NW 8 3 3 7 9 287 5 3
SE 5 7 9 1 10 4 282 7
SW 1 2 4 4 11 8 11 284
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Figure 4.14: A deep learning orientation categorizer, retrained for 100, 000 epochs, applied
to bounding boxes in a sample video. Some people’s orientation is off by an adjacent
direction, but some are completely wrong.

network applied to person bounding boxes detected from the deep-learning tracker.

4.6 Data analysis and results

4.6.1 Raw proxemics data

The data shown here stems from the raw coordinates of each actor in the room in every

frame. First, we find the Euclidean distance between actors, giving us three channels of

data: the distances between the child and robot, the child and caregiver, and the child and

experimenter. This represents the raw distance between actors over time throughout the

experiment; a sample participant’s data is shown in Figure 4.15. The distance between

the child and caregiver, shown in a solid red line, starts at 0 feet. Around minute 4 of the

interaction, the child began to move away from the caregiver, shown in Figure 4.16, and

away from the caregiver, robot, and experimenter around minute 6 of the interaction, shown
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in Figure 4.17.

Figure 4.15: The Euclidean distances between the child and parent, child and robot, and
child and experimenter (smoothed by averaging over every second). Vertical bars indicate
the beginning of a press for social interaction.

In some experiments, two caregivers were present during the interaction; the minimum

distance between the child and either parent was used in our data, ensuring that we can

reasonably compare children with one or two caregivers present. The interactions, which

are recorded at 33 frames/second, were reduced by averaging the Euclidean distances in one

second windows to smooth the data slightly; we used this averaged dataset for analysis.

With distance information between all actors, we can graph the individual distances as

well as the averages for all children. Figure 4.18 shows the distances from the children to

other actors for the first 12 minutes of the interactions (note that many interactions finished

in 9.5 minutes, and one was nearly 15 minutes). The purple lines indicated distance from

child to caregiver, blue indicates distance from child to experimenter, and orange indicates

distance from child to NAO. The transparent lines are individual participants; some children

were on or touching their caregiver for some or all the interaction, but others were fine

being across the room from their parents. A −1 on the graph indicates there is no data –
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Figure 4.16: The child moves away from
caregiver around minute 4.

Figure 4.17: The child moves across the
room around minute 6.

e.g., the caregiver left the room briefly, or the child left the room to take a bathroom break

or went briefly into a connected room. The thicker lines are the average distance over all

children. Figure 4.19 shows the proximity differences between the child’s distance to NAO

and the child’s distance to the experimenter. Because the experimenter and NAO were seated

very close together, the average difference is close to zero. The variation (of 2 or 3 feet)

results from some children sitting on or next to the experimenter while watching the robot,

and other children being comfortable sitting in front of the robot while the experimenter is

behind the robot.

Figure 4.20 shows the proximity differences between the child’s distance to NAO and

the child’s distance to their caregiver. On average, the children were closer to the NAO than

a parent; the variation is much greater because the parent may be on the other side of the

room when the child is comfortable interacting with the robot, or because the child may

want to be close to their parent and happened to be (or intentionally was) far from the robot.

This generally occurred when the child desired comfort or sought something their parent,

e.g. a snack, during the interaction.
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Figure 4.18: Distances from child to other actors for the first 12 minutes of the interaction.
A −1 indicates the actor was not present in the room. Averages are thicker lines; individual
distance graphs are transparent lines.

Figure 4.19: Proximity differences between the child to NAO and the child to experimenter
for the first 12 minutes of the interaction; a positive number means the child was closer to
NAO and a negative number means the child was closer to the experimenter.
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Figure 4.20: Proximity differences between the child to NAO and the child to parent for the
first 12 minutes of the interaction; a positive number means the child was closer to the NAO
and a negative number means the child was closer to the caregiver.

4.6.2 Data normalization

Our first data reduction method reduces the three time series per child into one, essentially

normalizing the data.

Figure 4.21 shows two ways of doing this. The first reduction considers the distance to

the robot, denoted N , and the distance to the caregiver, denoted CG, in Eq. (4.5).

N/(N + CG) (4.5)

The second reduction also considers the distance to the experimenter, denoted E, in Eq.

(4.6), so as to retain data on some cases in which participants sought the experimenter’s

company while interacting with the robot and not the caregiver.

N/(N + CG+ E) (4.6)

In either case, we have reduced multiple series of variable magnitude to a single, unit-less

number scaled [0, 1], where a 1 value means closest to caregiver and a 0 value means
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Figure 4.21: Condensing three time series to a single metric, with and without considering
the distance to the experimenter (smoothed by averaging over every second). Vertical bars
indicate the beginning of a press.

closest to the robot, regardless of the absolute distance between child and robot or child and

caregiver.

Recall that each interaction varies in length due to potential buffer time between presses

in a single interaction. The buffer time, lasting up to one minute between presses as needed,

was included in the last press that occurred. For example, if Child A needed a 40 second

break after a one minute press, but Child B didn’t need a break and only used two seconds

after a one minute press, the press lasted for 100 seconds for Child A but only 62 seconds for

Child B. This flexibility in interaction time naturally raises the question of how to compare

these variable length data. The time difference between presses is capped at 60 seconds,

and any time between presses is used to draw the participant’s attention back to the robot.

By and large, the excess time was spent by the participant getting a snack or toy, playing

with other items in the room, or talking to their caregiver; none of the buffer time was spent

interacting with the robot, and the robot did not move autonomously during these breaks.

Therefore, we consider the time between presses to be noise.
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To remove this noise, we choose a simple method of aligning all presses in all interactions,

and we truncate each press to the length of the shortest occurrence of that press over all

participants. For example, say Child A took 60 seconds during Press 1 with a 30 second

break, then 180 seconds during Press 2 with a 10 second break. Say Child B took 60 seconds

during Press 1 with a 2 second break, then 180 seconds during Press 2 with a 2 second break.

It should be noted that in most cases the experimenter manually starts the next press for

attention with the robot, so short breaks of 1-3 seconds is simply the time taken to reach over

and push buttons on the robot (or occasionally, to first re-orient the robot towards the child

if they shifted position). We only want to compare participant reactions to the robot while

the robot is actively moving or speaking; thus, Press 1 is truncated to 62 seconds for both

participants and Press 2 is truncated to 182 seconds for both participants. Alternatively, we

could have timed the presses off-line and truncated participant data with those timings, but

in practice, some participants progressed through the interactions in immediate succession

and this off-line timing was unnecessary.

The effect of such data loss, i.e. 28 seconds after Press 1 and 8 seconds after Press

2 in the above example, admittedly contains some distance data. Either the participant

didn’t move between presses or approached the robot again from somewhere else in the

room. In theory, a participant might have outlasted the one minute buffer time and started

the next press further from the robot than they were at the (truncated) end of the previous

press. However, in practice, this did not happen; only the first two cases occurred. Thus,

minimal interaction information was lost due to this truncation. These snippets of non-robot

interactions could last up to a full six minutes, if some participant was willing to continue

the interaction but outlasted the 60 second buffer every time; in practice, no participant used

the entire buffer time between every interaction, and only 2-3 participants ever outlasted the

one minute buffer for a press.
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4.6.3 Developmental assessment scores

We mentioned in Section 4.1 that each participant takes multiple standardized developmental

assessments. There are several specific dimensions we are interested in, each of which

varies in people with autism. In the social dimension, we look at socialization behaviors,

communication skills, adaptive behaviors, and early learning composite scores. Each score is

standardized such that 100 is average for the population. In the physical dimension, we look

at ritualized and restricted behaviors, and composite endorsed score of such behaviors. The

ritual, restricted, and composite scores come from a parent-report, the Repetitive Behavior

Scale- Early Childhood (RBS-EC). The communication and socialization scores come from

the Vineland Adaptive Behavior Scales, and the early learning composite score comes

from the Mullen Scales of Early Learning (that score combines the five areas of cognitive

functioning into a composite score). The other socialization measure, noted SRS/vrRSB in

this text, comes from the parent report assessments Social Responsiveness Scale- Second

Edition (SRS-2) or the video-referenced rating of Reciprocal Social Behavior (vrRSB),

depending on the age of the participant. For this experiment, because these participants

form a robot-interaction baseline, children with notable differences from each other in all

such scores are desirable, and make for a more robust comparison to atypically developing

children. The scores are summarized in Table 4.6 and Table 4.7, as well as graphed in

Figure 4.22, Figure 4.24, and Figure 4.23. For more details about the Vineland and Mullen,

the exams we use the most scores from, see Appendix B; this appendix includes sample

items that children are tested on, as well as sample outputs and how to interpret them.

4.6.4 Response categorization

Thus far, we have considered both absolute and normalized distances, even in our distance

metrics in Eq. (4.5) – (4.6). Consider that shorter distances between a participant and

another actor probably indicate more comfort or interest, and longer distances indicate less
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Table 4.6: Assessment summary for particular scores of interest for all participants (gen-
erated from Vineland, Mullen, and other social behavior assessments). Because either the
vrRSB or SRS assessment is taken, based on the child’s age, participants have one or the
other. This data was standardized and combined to make comparisons easier.

Age
(weeks) Restricted Ritual

Composite
Endorsed vrRSB SRS

vrRSB/SRS
combined

Min 110 0 0 0 9 7 0.028
Mean 143.7 2.362 2.793 9.638 19.727 30.623 0.134

St. Dev 19.974 2.058 2.007 6.794 9.707 16.126 0.093
Max 196.6 8 9 26 41 82 0.578

Table 4.7: Assessment summary for particular scores of interest for all participants (gen-
erated from Vineland, Mullen, and other social behavior assessments) in socialization and
communication dimensions.

Socialization Adaptive Communication Early Learning Composite
Min 82 86 81 83

Mean 108.5 107.8 109.8 115.1
St. Dev 11.903 12.026 11.205 17.150

Max 136 133 135 148

Figure 4.22: Ritual and restricted behaviors of all participants.

Figure 4.23: Composite endorsed score of ritualized and restricted behaviors of participants.
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Figure 4.24: Early learning composite, communication skills, adaptive behaviors, and
socialization behaviors of all participants.

comfort or interest. A participant sitting two feet away from the robot and five feet away

from the caregiver probably indicates strong comfort with or interest in the robot. However,

if a participant is seated on their caregiver and the caregiver is seated two feet from the robot,

they probably need comfort from their caregiver while they watch the robot. Do children

change their mind about the robot, or become more or less comfortable with it over time?

We first graph the distance ratios of children over time, averaging the entire distance ratio per

press for each child, in Figure 4.25 (best viewed in color). Examining participants one by

one reveals more obvious differences: some children are always near their caregiver (12, or

20.34% of this sample), or always near the robot (22, or 37.29%), and some children move

from closer to their caregiver to closer to the robot (6, or 10.17%), all shown in Figure 4.26.

There are also children that move from closer to the robot to closer to their caregiver (3, or

5.08%, shown in Figure 4.27), and some have no steady pattern (16, or 27.12%, shown in

Figure 4.28).

We first check if children in these five movement pattern classes are similar to other

children in the same group in terms of assessment scores. These classes by scores are shown

in Figure 4.29 – Figure 4.36.

To check if participant reactions were a reasonable way to differentiate participants,

we clustered participants’ with the K-Nearest Neighbors algorithm over the vector of their
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Figure 4.25: Plot of Distance Ratio per child, averaged over each press.

Figure 4.26: Three visible patterns of children that stay near the caregiver (12), that stay
near the robot (22), and that move from caregiver to robot over time (6). The latter may also
include children that stay near the robot with their caregiver, but the caregiver leaves and the
child remains near the robot.

Figure 4.27: Children that initially were near the robot, but went closer to their caregiver
over time (or asked their parent to come be near them as they played with the robot, 3).
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Figure 4.28: Children with no particular pattern over time (16).

Figure 4.29: Participants’ adaptive behaviors, grouped by the change in their distance ratio
over time.

Figure 4.30: Participants’ age in years, grouped by the change in their distance ratio over
time.
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Figure 4.31: Participants’ communication skills, grouped by the change in their distance
ratio over time.

Figure 4.32: Participants’ early learning composite scores, grouped by the change in their
distance ratio over time.

Figure 4.33: Participants’ total endorsed ritual / restricted behaviors, grouped by the change
in their distance ratio over time.
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Figure 4.34: Participants’ ritual behaviors, grouped by the change in their distance ratio
over time.

Figure 4.35: Participants’ socialization skills, grouped by the change in their distance ratio
over time.

Figure 4.36: Participants’ vrRSB or SRS scores (standardized and combined), grouped by
the change in their distance ratio over time.
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average distance ratio from Eq. (4.5) per press. Because 5 patterns (or 4 patterns and one

lack-of-pattern) was visible to the human eye, we tested K = 2 through K = 5, running

each number of clusters 1, 000 times. This did not yield consistent groupings for higher

K’s; for K = 5, the same groups were generated only 92 times, and for K = 4 the same

groups were generated only slightly more, at 123 times. K = 3 was the most stable, at 970

consistent groupings, and K = 2 was slightly less so at 685.

Participants clearly vary by their behavior towards the robot, but do these behaviors

ultimately relate to their development assessment scores? Strictly considering the behavior

classes, we cannot say that these children have clinically significant differences. Some

groups are simply too small, such as the three children who moved from robot to caregiver

over time, and their scores may be an average of this behavior or it may simply be noise;

one participant did not finish the interaction, so that pattern may even have changed into

a ‘no pattern’ before the end of the interaction. We then consider combining assessment

scores with the distance ratio, to see if distance ratios contribute meaningful information

when looking at differences between participants.

4.6.5 Participants in clusters

Pruett and Povinelli suggest that though autism is currently considered a spectrum, clustering

or grouping children based on proxemics, eye contact and joint behavior, and communication

timing in dyadic interactions may differentiate typically developing and atypically develop-

ing children [81]. Though they hypothesize that those three social-communicative areas may

differentiate and cluster children with attention-deficit/hyperactivity disorder, autism, and

Williams syndrome, they also call out “the significance of restricted and repetitive behaviors”

and state “it would be interesting to study correlations between these and our proposed

key variables of dyadic interacting.” Following their lead, we ask if clustering children on

one physical dimension, one social dimension, and the distance ratio results in groups with
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Table 4.8: Groups generated from K-Nearest Neighbors, with K = 2.

Group 1 2
Size 37 22
Sex 17 F, 20 M 11 F, 11 M

Age mean (yrs) 2.764 2.743
Age std. dev 0.412 0.338

statistically significant score differences. To that end, we look at the ritual behaviors scores,

socialization scores, and distance ratio. Using K-Nearest Neighbor clustering, from 2 to 5

possible groups, results show that clustering with K = 2 groups of participants is better than

larger numbers of clusters. For 1000 trials, k = 2 results in completely stable clustering –

participants were grouped exactly the same way every time. These participants were 37 in

Group 1 (20 M) and 22 in Group 1 (11 M), described in Table 4.8.

Given this grouping of participants, we want to know if the children also vary by another

physical and social dimension, as well as other composite physical behaviors and early

learning scores. For these validations, we use the restricted behavior score, communication

score, vrRSB or SRS (depending on age of participant), and early learning composite scores.

After grouping participants, we test the differences between the two groups of children

with Student’s T-Test: do the groups vary by development assessment scores with clinical

significance? Results are summarized in Table 4.9 and Table 4.10, as well as shown in

Figure 4.37 – Figure 4.39 (all of which are statistically significant at p < 0.001), Figure 4.40

and Figure 4.41, (all of which are statistically significant at p < 0.05) The scores between the

groups’ vrRSB and SRS scores and the scores between the groups’ early learning composite

scores were not statistically significant (not shown).

4.6.6 Participants on a spectrum

Autism spectrum disorder is, by definition, a spectrum of behaviors, so we would be remiss

not to explore how our typically developing participants fall on a spectrum. For this we
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Table 4.9: Score differences in distance ratio (averaged over the entire interaction), ritualized
behavior scores, and socialization scores between the two groups. Student’s T-Test shows
the scorings are different at a p-value < 0.001 for each.

Distance Ratio Ritual Socialization
Group G1 G2 G1 G2 G1 G2
Min. 0.029 0.06513 0 0 82 94

1st Qu. 0.2501 0.12628 1 2.75 97.75 109
Median 0.654 0.21115 2 4 103 118
Mean 0.6053 0.29191 1.946 4.25 104.19 115.8

3rd Qu. 0.9707 0.33477 3 6 112.5 122.5
Max. 1 1 5 9 125 136

Table 4.10: Score differences restricted behaviors and communication scores between the
two groups. Student’s T-Test shows the scorings are different at a p-value < 0.05 for each.

Restricted Communication
Group G1 G2 G1 G2
Min. 0 0 81 85

1st Qu. 0 1 100 109
Median 2 3 110 113
Mean 1.946 3.1 107.6 113.2

3rd Qu. 3 5 116 120.5
Max. 8 7 128 135

Figure 4.37: Participants’ distance ratio, averaged over the entire interaction, by group; t-test
indicates significant differences, at p < 0.001.
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Figure 4.38: Participants’ ritual behavior score, by group; t-test indicates significant differ-
ences, at p < 0.001.

Figure 4.39: Participants’ socialization skills, by group; t-test indicates significant differ-
ences, at p < 0.001.

Figure 4.40: Participants’ restricted behavior score, by group; t-test indicates significant
differences, at p < 0.05.
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Figure 4.41: Participants’ communication scores, by group t-test indicates significant
differences, at p < 0.05.

perform Principal Component Analysis (PCA) on several different subsets of the data. In all

cases, for the sake of data inclusion, a few unknown values (e.g., distance information from

a child who did not finish the interaction and only has the first few of the seven presses, or a

child who did not have a particular assessment score), were replaced by the participant-wide

average. We then show the grouping results in Section 4.6.4 and Section 4.6.5 overlaid with

the top two PCA components.

First, we perform PCA on the average Distance Ratio 1 (Eq. (4.5)) per press, shown in

Figure 4.42. The top two components explain 79% and 11% of variance; a large grouping is

visible near (0,−1), with about 1/3 of participants spread across the rest of the axes.

Next we perform PCA on the participants’ over-all interaction average distances to NAO,

Caregiver, and Experimenter, as well as average Distance Ratio 1 (Eq. (4.5)) and Distance

Ratio 2 (Eq. (4.6)) in Figure 4.43. The top two components account for 68% and 21% of

the variance of these averages between participants. Though the top component is smaller

than the top component of PCA on all 7 presses, the progressive nature of the interaction

(considering the known groups of children that for example ‘stayed near NAO’ or ‘moved

from parent to NAO’ as shown in color) are much more visible. We take from this that a

single metric, Distance Ratio 1, is a reasonable choice to represent the entire interaction.

Next, we ignore distances for a moment and just perform PCA on the various physical

and social dimension assessment scores we discussed in Section 4.6.3, shown in Figure 4.44.
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Figure 4.42: Principal component analysis on participants’ average Distance Ratio 1 for
each of the 7 presses over time. Group clusters from clustering on Distance Ratio 1,
ritual behaviors, and socialization scores shown in ‘Group’ closed circles and stars, and
categorization of reaction to robot shown in ‘Class’ colors (best viewed in color). Component
1 accounts for 79% of variance, and component 2 accounts for 11% of variance.
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Figure 4.43: Principal component analysis on participants’ average distance to NAO, care-
giver, and experimenter, and average Distance Ratio 1 and average Distance Ratio 2. Group
clusters from clustering on Distance Ratio 1, ritual behaviors, and socialization scores shown
in ‘Group’ closed circles and stars, and categorization of reaction to robot shown in ‘Class’
colors (best viewed in color). Component 1 accounts for 68% of variance, and component 2
accounts for 21% of variance.
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Figure 4.44: Principal component analysis on the participants’ scores. Group clusters from
clustering on Distance Ratio 1, ritual behaviors, and socialization scores shown in ‘Group’
closed circles and stars, and categorization of reaction to robot shown in ‘Class’ colors (best
viewed in color). Component 1 accounts for 41% of variance, and component 2 accounts
for 29% of variance.

There is no nice combination of the original scores that can form any small number of

components to account for the variability in the participants – even the best component only

accounts for 41% of the variance. This means no overt score simplification can categorize or

place these participants on a spectrum. Intuitively, this makes sense – ASD is a multi-faceted

disorder, and any combination of physical and social disfunctions may result in a positive

diagnosis.

The last PCA analysis run combines the distance information and assessment scores,

shown in Figure 4.45. Again, there is no one good component; even the top component only

accounts for 44% of the variance in the data, probably driven by the number of assessment
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Figure 4.45: Principal component analysis on the participants’ scores, average distances,
and distance ratios. Group clusters from clustering on Distance Ratio 1, ritual behaviors,
and socialization scores shown in ‘Group’ closed circles and stars, and categorization of
reaction to robot shown in ‘Class’ colors (best viewed in color). Component 1 accounts for
44% of variance, and component 2 accounts for 17% of variance.

scores we concern ourselves with.

That PCA on scores and distance ratios, shown in Figure 4.45, also shows the pattern

of the children’s distance ratio classes is more interesting; this shows that distances still

combine and appear as a top component (even though the component only accounted for

44% variance), and tells us that the Distance Ratio is an important feature in classifying

children. Figure 4.42, which shows PCA on just Distance Ratio 1 in each press and does

not consider assessment scores, shows the K-Means groups along Component 1, which

accounted for 79% variance. Examining just PCA on the scores in Figure 4.44 does show a

rough linear separation of the KNN groups 1 and 2. This tells us that the response to robot
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is an important component in the groupings, and distance adds a unique feature just like

participants’ assessment scores.

4.7 Summary

In Section 4.6.1, we discussed how to calculate the raw distances between child and robot,

caregiver, and experimenter to form several time series. Section 4.6.2 discussed two ways

to condense the absolute distances to two different metrics; Distance Ratio 1 combines

distance to robot or caregiver, and Distance Ratio 2 combines distance ratio to robot,

caregiver, and experimenter. Section 4.6.3 discussed the results of development assessment

exams performed with each child, and showed that variable results still constitute typically

developing children; this robust baseline of children should therefore represent typical

reactions of a 2 − 4 year old child to a social robot. We first discussed basic reactions in

Section 4.6.4, which include children that are comfortable being closer to the robot the

entire time, that remain close to their caregiver the whole time, that move from closer to

caregiver to closer to the robot, that move from closer to robot to closer to caregiver, and

those that do not have a definitive pattern.

In Section 4.6.5 we discussed how to cluster our diverse but typically developing

participants into groups with statistically different scores in physical and social dimensions,

namely ritual and restricted behaviors and socialization and communication scores. These

children also differed in their reaction to the robot, shown through their different physically

proximities to their caregiver and the novel robot. Section 4.6.6 discussed a way to simplify

the different metrics through principal component analysis, showing that the dimension

reduction method can not find one or two very good components that group children similarly.

PCA did, however, reflect the different groups when considering just average Distance Ratio

1 per press, even though clustering did not use individual press distance data, it used the

entire interaction’s average ratio.
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We may draw several conclusions from these data and results. Typically developing

children are varied enough in their responses to a novel robot interaction to be differentiable

from each other by their distances to caregiver and robot. Adding proxemics to assessment

scores gives unique information that can also separate children into clinically different

groups.

4.8 Lessons learned in child-robot interactions

What can we learn from child-robot experiments in this young age-group? Pilot experiments

showed that 18-24 months of age was too young for a child to comfortably interact with

a robot. Very young participants were willing to watch the robot, but not actually interact

with it – they did not follow along with the looking or imitation games, and did not like to

stand to dance with the robot. They preferred to sit with their parents while watching the

robot move. They did enjoy looking at and touching the robot, and one participant enjoyed

interacting with the experimenter to choose which colors the robot’s eyes should become.

Recall that previous research found that children with autism were more willing to interact

with adults when technology was involved, even when it was clear the experimenter was the

one controlling the robot [111]. Similarly, very young typically developing children were

more willing to interact with a strange human when the novel robot was involved.

A very real possibility is that the sheer size of the robot interacted with age. Participants

younger than two, and even some two year olds, were roughly the same height as the robot.

When the robot stands for the first time, it is likely taller than a young child seated on the

ground in front of it. In the first 20-30 participants in this study, proximity graphs revealed a

dip in distance to parent around the 2 minute mark, which is about when the robot stood

up for the first dance. This effect disappeared by the last of the experiment participants,

however. Previous research includes much older children – a 5 or 7 or 11 year old is usually

much taller than a NAO, so there is likely zero intimidation factor. Future research should
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investigate whether very young children in this age range prefer to play with a robot that is

smaller than they are (for example, half their size).

That age has an effect on how closely children will interact with a robot should not come

as a huge surprise. Though age did not prove to have a significant relationship in the data

presented here, these participants were chosen at an age range larger and slightly older than

the participants in the pilot experiment. Older children, too, were slightly more likely to

want to use the robot as a toy – pushing buttons, looking around the robot to see if anything

was attached to it, and generally understanding that while it was acting in a social way, it

was still a controllable piece of technology. They were also more willing to interact with the

robot without their caregiver.

There may prove to be a sweet spot of age in which typically developing children are

more likely to interact with the robot like it is also a social being. We would need to recruit

more participants of ages outside our 2− 4 years to be sure. How would this compare to the

same exact age of children with autism? Only future research will tell us this – it may be

that a wider age range in children with autism react like their typically developing 2 − 4

year old counterparts, or that they react like a different age group of typically developing

children. Though we have a solid and robust baseline of typically developing children, we

do not yet know how atypically developing children compare to this baseline.

There are also lessons to be learned from these experiments simply regarding interdisci-

plinary research between computer scientists and psychologists. This experiment was made

possible by working closely with and incorporating feedback from experts in autism, child

development, and children’s social preferences. The experiment changes made included

adding a dance more likely to be known by very young children that includes instructions

(‘If you’re happy and you know it’), and adding another prompt to form an even number

of motions to each of ‘I spy’ and ‘Simon Says.’ This enables the experimenter to react

to exactly half of the robot’s prompting. That is, on the very first Simon Says prompt, ‘I

touch my nose. Can you touch your nose?’ the experimenter responds affirmatively and
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imitates the motion, and encourages the child to do the same. In the second prompt, ‘I bump

my fists. Can you?’ the experimenter instead disengages and looks at a nearby document,

ignoring both the robot and the child. This pattern repeats – the experimenter follows along,

is disengaged, follows along, is disengaged, follows along – for each of the six prompts in

each of the games. In any future research that looks at the contingent responses of the child,

we can now evenly compare the responses of the child to an engaged experimenter, and the

contingent responses to just the robot’s prompting.
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Chapter 5

Data Relationships between Eye
Tracking and Human-Robot
Interactions

5.1 Participants

A subset of participants from the eye tracking task in Chapter 3 also performed the human-

robot interaction experiment in Chapter 4. Using valid data criterion from Chapter 3, we look

only at participants who contributed valid data in both eye tracking tasks, and interacted with

the NAO robot for which we also had overhead video footage. These 27 total participants

were 15 males, 12 females, 25 − 45 months old, mean age 34.7 months old (2.89 years),

standard deviation 6.14 months (0.51 years).

5.2 Results

We first explore relationships between the main dependent measures of the two eye tracking

tasks and the human-robot interaction experiment. The eye tracking task measures we

examine for task one, dynamic video comparison, is ratio on Social versus NAO, ratio

on Social versus Others, and ratio on NAO versus Others; the correlation between these

measures and the average Distance Ratio 1 in the HRI experiment is shown in Table 5.1.
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Table 5.1: Correlations between three Dynamic Video Comparison measures (Task One)
and the Distance Ratio from the human-robot interaction experiment.

HRI measure Task One measure Correlation
Ave Dist. Ratio Ratio on Social vs Others 0.01490516
Ave Dist. Ratio Ratio on NAO vs Others -0.3154637
Ave Dist. Ratio Ratio on NAO vs Social -0.328696

Table 5.2: Correlations between three Static Image Search measures (Task Two) and the
Distance Ratio from the human-robot interaction experiment.

HRI measure Task Two measure Correlation
Ave Dist. Ratio Proportion on NAO 0.1072499
Ave Dist. Ratio Proportion on Social -0.1008959
Ave Dist. Ratio Proportion on Others 0.1201873

For task two, static image search, we examine the proportion of first fixations on NAO, the

proportion of first fixations on Social and the proportion of first fixations on Others; the

correlation between these measures and the average Distance Ratio in the HRI experiment

is shown in Table 5.2.

The correlation coefficients show a weak correlation (above 0.30) between Average

Distance Ratio and NAO versus Other robots gaze preferences, (Figure 5.1) and Average

Distance Ratio and NAO versus Social gaze preferences, (Figure 5.2). The gaze preferences

have been rescaled from 0 to 1 such that 0.5 is actually a preference for neither item on-

screen (recall the original vectors, for clarity, were scaled from −100 to 100 to indicate a

complete percent preference for NAO, Social, or Other robots). In the gaze preferences

versus Distance Ratio plots, in all cases, there is a slight tendency for preference to gaze at

NAO to be associated with being closer to NAO.

We also calculated the correlation between age and the ratios from Task One, the

proportions of first looks in Task Two, and the Distance Ratio from the HRI experiments,

but only age and Distance Ratio had a weak relationship, with a correlation of −0.3725553.

This relationship is shown in Figure 5.3.
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Figure 5.1: Plot of average Distance Ratio versus dynamic gaze preference between NAO
and Other types of robots. Using linear regression over the entire dataset (black solid line),
males (green dashed line), and females (pink solid line), no real trend is visible.

Figure 5.2: Plot of average Distance Ratio versus dynamic gaze preference between NAO
and Social. Using linear regression over the entire dataset (black solid line), males (green
dashed line), and females (pink solid line), no real trend is visible.

106



5.3. DISCUSSION

Figure 5.3: Average Distance Ratio plotted against age in years. Older children tend to be
closer to NAO during the interaction.

We also explored whether there was an effect of the eye tracking test itself; if a child saw

the NAO robot during the eye tracking experiments, are they more likely to be comfortable

being closer to the robot in the early presses of the HRI experiment? To test this hypothesis,

we compared the average Distance Ratio of participants who finished the first eye tracking

task and therefore saw the NAO moving on-screen before seeing it in person, and those

who only saw the NAO in person and did not see it move until the interaction. Using the

Wilcoxon signed-rank t-test, a non-parametric statistical hypothesis test, we looked at the

average Distance Ratio for each press, as well as the average Distance Ratio throughout the

entire interaction, but did not find significant p-values.

5.3 Discussion

No strong relationship was found between the eye tracking study dependent measures

and proxemics during the human-robot interaction task. Age has a mild effect, shown in

a tendency for older children to be closer to NAO relative to their caregivers during the
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interaction. There is also a weak tendency for children who prefer to look at the NAO during

the dynamic eye tracking task when compared with any other robot or Social being to be

nearer the NAO during the interaction. No strong effect of sex was found in any task metric

comparison.

We can conclude that at this young age, while children have strong preferences in gazing

at humanoid robots and social beings over other robot types, this preference does not directly

translate into preferring to be closer to the robot relative to caregiver during an in-person

interaction. There may be a sex effect that can only be detected with more participants; with

27 participants, male and female tendencies are very similar.
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Chapter 6

Applicability to Other Research

We now explore the applicability of this work to other projects, by applying the person

tracking software and proxemics analyses to two other research projects that test child

development psychology theories. The first research project asks children to open a box that

they have opened previously but which, unknown to the participant, is no longer possible

to open. The unsolvable box tests how long children will attempt to solve an unsolvable

task until they request help from a caregiver or the expert that previously showed them

how to open the box. The second research project tests whether children automatically sort

themselves by in-group and out-group, as physically indicated by color-coded clothing [86].

The free-play scenario tests whether unacquainted children automatically show an in-group

bias by sorting themselves in in-group / out-group, or us-versus-them, groups while playing.

6.1 Unsolvable box

The ‘Unsolvable Box’ research project asks children to solve an impossible task to determine

how long the child is willing to try to solve the task before initiating social interaction [87].

A sample overhead view in Figure 6.1 shows the experiment’s environment.

The experimenter shows the participant how to open and close a large, clear, square

box. The box has a toy inside; the experimenter first demonstrates how to open the box
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Figure 6.1: A child begins to play with a locked box to retreive the toy inside.

Figure 6.2: The child brings the box to the experimenter, who is known to be able to open
the box.
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Figure 6.3: Distance between child and experimenter and child and caregiver for the 60
second experiment duration. This child approached the experimenter for help.

and retrieve the toy inside. The experimenter then asks the child to do the same; after the

child has demonstrated they are able to open the box and retrieve the toy three times, the

experimenter moves the box to an obscured location, switches the toy inside, and locks the

box. The experimenter then gives the box back to the child, who is unaware the box is now

locked and cannot be opened. The experimenter asks the child to open the box and play with

the toy inside, and then removes herself to a distant location and becomes unavailable to

answer questions or help. The experiment begins when the experimenter walks away after

asking the child to open the locked box, and ends after one minute has passed or the child

has insistently asked for help to open the box from the experimenter or a caregiver and the

adult has begun responding.

We used the second version of the automated person detector on several sample videos

of participants. The tracker runs on 60 second videos, beginning when the experimenter puts

the box down in front of the child. The raw distance graphs show a few common patterns:

the child approaches the experimenter for help (Figure 6.3 shows the child in Figure 6.2

approach the experimenter around the 40 second mark), the child approaches their caregiver

for help (Figure 6.4), or the child does not move to request help for the duration of the

experiment (Figure 6.5).

In the original experiment, the distance of the child to others is not considered, only
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Figure 6.4: Distance between child and experimenter and child and caregiver for the 60
second experiment duration. This child approached their caregiver.

Figure 6.5: Distance between child and experimenter and child and caregiver for the 60
second experiment duration. This child continued to try to open the box for the entire
duration.
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vocalizations (e.g. the experimenter begins talking to the child). The hand-coding timings

are taken from videos on the side of the room, which include reasonable audio, not the

footage from the ceiling perspective. However, the proximity of the child to caregiver or

experimenter would be reflected in the child’s distance shrinking to 0 if the caregiver or

experimenter approached the child (to explain how to open the box), or the child approached

the caregiver or experimenter (if the child physically brings the box to an adult to fix the

box). If verbal discussion happens before proximity shrinks, then the distance data can

be considered a maximum bound on experiment time. Given data from entire experiment

videos, we could examine the average distances between child and others throughout time,

as done in Chapter 4, and examine how lower-stakes games (playing with a clear box with a

new toy, rather than playing with a novel robot) affect proximities.

Future work in this vein would include running the tracker on all 84 Unsolvable Box

participants’ video footage, then testing if the hand-coded experimental length correlates

highly with the proxemics generated from the overhead view footage. Positive or strongly

correlated results would indicate if, at least at the age of these participants of 1.5−3.75 years,

proxemics might be reasonable stand-ins for audible conversation during social interactions

that require help from experts (known and trusted caregivers, or someone who has shown

knowledge about how to do an action). Furthermore, though the ages of the participants

in the Unsolvable Box were lower than in the HRI experiment (at 1.5− 3.75 years), some

children participated in both the Unsolvable Box experiment and the HRI experiment.

Further examination might show that some behaviors towards the robot correlate to how

willing the child is to try to continue solving the Unsolvable Box. For example, children

that always stay near their caregiver during an interaction may be more likely to physically

approach their caregiver for help after they determine the box cannot be opened, or approach

their caregiver faster.
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Figure 6.6: A sample image from the beginning of an in-group / out-group research video;
four of the randomly color coded children, two in green and two in orange, play in a room
without adult direction.

6.2 In-group out-group task

The ‘In-group Out-group’ research project, presented in Dr. Nadja Richter’s thesis, [86]

explores whether children will reflect in-group bias in free-play scenarios based on the

subtle cue of what color they are wearing. In-group bias is the tendency for people to

behave more favorably towards their own group of people, for example those with similar

political or religious beliefs, or ethnic or sex similarities. Adults reflect in-group bias, and

Dr. Richter examined at what age and what cue subtlety children will also show such bias.

The experiments place unacquainted children (always the same age, e.g. 2, or 5, or 8) in

a room with several identical sets of toys placed around the room. Before entering the

playroom, children put on either an orange or a green jumpsuit. Children are not told that

they are part of a ‘green’ or ‘orange’ group, or cued in any way about groupings. A camera

is placed, facing up, towards a mirror on the ceiling. A sample of this ceiling footage is

shown in Figure 6.6; four children are clearly color coded in orange or green and have free

options to play with each other or with the toys.

In the original project, the researchers took a single video frame every 10 seconds for

114



6.2. IN-GROUP OUT-GROUP TASK

the duration of the experiment (less than half an hour each). The room was taped end-

to-end at every meter, and each child’s position was calculated based on the closest tape

hash-mark. The researchers then calculated the mean distance between pairs of in-group

children, such as three children in orange or four children in green, and the distance between

pairs of out-group children, which is any pair of children wearing different colors (green

and orange). If the mean distance between children wearing the same color was smaller

than children wearing different colors, and this difference was statistically significant across

the different groups of children and different ages of children, then an in-group bias effect

would be proven for children as young as 5 and 8 years old, based on physical similarities

and differences.

This manual coding is time intensive; a single experiment with 2 year olds produced

1, 517 frames to annotate for child identity and location. The same experiment, with locations

calculated every 1 second, would produce 15, 170 frames. Coding this data for multiple age

groups and multiple groups within an age is obviously ripe for automation. The original

data did not show an in-group bias. However, it’s possible that with more data, patterns or

biases might appear. With that in mind, we applied the deep learning tracker to a sample

session of 2.5 year old children. A sample frame is shown in Figure 6.7.

We first apply the automated tracker to the entire video session of 2.5 year old children.

We calculated the raw distance between the center of each child’s found bounding box in

pixels, calculated the distance between children in different groups and same groups, and

found the means of pairs of in-groups and out-groups; Figure 6.8 shows the resulting means

found at a frame rate of 30 fps. The raw pixel distance was scaled by dividing by 125 for

visibility on the graph.

We also compared the true, manually coded distances found between participants with

the automated distances, shown in Figure 6.9. Even without accounting for the slight fish-eye

effect of distorted video footage on the calculated distances, the distances found look close –

there are peaks and valleys in roughly the same spots, even without performing any sort of
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Figure 6.7: A sample image from an in-group / out-group research experiment after the
deep learning tracker is applied.

Figure 6.8: The average distance between in-groups (pairs of children in green, and pairs of
children in orange) found from the automated tracker for the first 13 minutes (every frame at
30 fps) of an experiment session. The estimated distance is the Euclidean distance in pixels
(scaled by 125), between the centers of the bounding box found for each child; it is not a
true distance.
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Figure 6.9: The original manually coded distance information (in meters) versus the
calculated pixel distance (divided by 125) from the automated tracker.

smoothing on the child coordinates found from the tracker.

Because the automated data reflects so much more data than the hand-coded results, we

also reduced the automated information by taking only distances found every 10 seconds.

We then find the correlation between the time series – ideally, the distances found by hand

will correlate highly with the automated distances. We computed the Pearson correlation

coefficient between the means for children in different-color shirts in the manual and

automated data, and the correlation coefficient between the means for children in same-color

shirts in the manual and automated data. For children in different colors, the correlation was

strong, at 0.52; Pearson’s product moment correlation found a highly significant p-value of

< 0.001 (t = 5.2398, df = 74). For children in the same colors, the correlation was even

stronger, at 0.68; Pearson’s product moment correlation found a highly significant p-value

of < 0.001 (t = 7.91, df = 74). The manually coded distances and the reduced automated

distances are shown in Figure 6.10.

What these results tell us is that even without precise distance unit measurements and

without un-distorting overhead video footage, we can generate measurements similar to hand-

annotated ground-truth. Future work in this direction would include adding functionality

to estimate the child’s nearest meter location (instead of using bounding box centers), then

running the tracker on all 12 videos from the in-group bias experiment, then testing if
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Figure 6.10: The original manually hand-coded distance information (in meters) versus the
calculated pixel distance (divided by 125) from the automated tracker.

the results are the same as in the original experiment. The original research found no

difference in in-group and out-group physical distances in the free-play, color-coded child

scenario. With more measurements across time, however, such differences may become

more apparent.
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Chapter 7

Summary and Conclusions

This thesis began with the goal of characterizing and autism phenotype in very young

children. To this end, we designed and ran two end-to-end experiments. The first experiment,

detailed in Chapter 3, investigated if children showed statistically significant preferences in

a paired visual comparison task and preferential orientation in a visual search task between

three types of robots and a social peer. The robot types were anthropomorphic (having

human qualities), zoomorphic (having animal qualities), and caricatured (having animated

or cartoon qualities), and the social peer was a 4 year old girl.

This experiment revealed that in the paired visual comparison of social being to NAO,

NAO to other robots, and the social being to the other (non-NAO) robots, children strongly

preferred to look at NAO over the social peer, NAO over other robots, and the social peer

over other robots. In the visual search task, children preferred to look immediately at the

social peer, but by the third fixation, they were just as likely to look at the NAO as the social

peer. In the first five fixations, children were more likely to look at NAO and the social peer

than any of the other robots. Overall, the eye tracking experiments tell us that children this

age, 1.5− 3.75 years, show a preference for the humanoid robot NAO that is similar to the

preference for live human peers, and that the preference for the NAO is greater than for

other robots.

Future work in this area should explore if there is a preference for the gender of the
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social peer. This research used a female social peer, but boys and girls may have different

preferences for the peer’s gender. Though there was no statistically significant effect of

participant sex on the results, males showed stronger preference for gazing at the NAO than

females. This effect may be more pronounced, or prove to not exist, with a larger number of

participants. There was also a non-significant but visible effect that boys prefer looking at

the humanoid robot after the first few fixations on the social peer, whereas girls looked at

the social being for more first fixations than the boys. This, too, might be impacted by the

perceived gender of the social peer.

Having shown that the humanoid robot is a highly interesting (gaze-worthy) object, the

second experiment, described in Chapter 4, investigated how children react to that same

novel humanoid robot during a 9-15 minute interaction. The robot played different game

or dances; each game was really a press for social interaction, like imitating behaviors or

looking for items. Starting with open-source tracking software and moving to state-of-the-art

techniques in deep learning to track people and robots across time, this experiment showed

that proxemics, or distances between people, differed in children during a humanoid robot

interaction. Typical reactions included staying near the caregiver throughout the experiment,

staying near the robot, moving from closer to the caregiver to closer to the robot, moving

from closer to the robot to closer to the caregiver, or no apparent preference or movement

towards a person or robot. We then showed that combining these proxemics with a physical

and social dimension that are both classically associated with autism, ritualized behaviors

and socialization skills, produced groups of children that were statistically different, even

though these children are all typically developing. We tested that these groups of children

differ in two different physical and social dimensions associated with autism, restricted

behaviors and communication skills.

We next investigated the relationships between the eye tracking results and the human-

robot interaction experiment in Chapter 5. Though 27 children participated in both research

projects, we found no strong, statistically significant relationships in the data. A larger
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sample size of children with results from both experiments, as well as accounting for

potential effect of the gender of the social peer in eye tracking experiments, may reveal solid

relationships between the data, and such an investigation is left to future work.

Proxemics, the study of social distances between people, was a core area investigated in

the human-robot interaction study. We thus applied the same methods used to track children

in the robot interaction experiment to two other research projects, discussed in Chapter 6. In

the first project, we showed how children trying to open an unsolvable, locked box show

proxemics differences during their attempts to unlock the box. The second project looks

at how children in an in-group bias experiment differ from each other. We showed how

the automated tracker, without any undistortion on the video or specific unit measurements

applied to the tracked children, can show in-group and out-group differences. Our results

were highly correlated to the hand-coded results from the original experiment, only our data

was far more specific, generated for each frame rather than at the 10-second intervals used

in the original experiment.

The largest open issue found from this work, approached in two different ways in

Section 4.5, is automatically determining orientation based on just a overhead picture of

a person. Though both multiple-kernel learning and deep learning methods showed good

performance against training databases, neither performed well enough in practice to apply to

the person-tracking experiments to automatically detect where a child was facing. Knowing

if a child is facing the robot, their caregiver, the experimenter, or none of the above would

allow us to build a more robust offline tracker that can potentially identify contingent looks.

A child that continually looks at the robot during an experiment but sits on or near their

parent is likely different from a child that spends half their time looking around the room

or playing with a toy while they sit on or near their parent. Even a thoroughly trained

neural network on carefully cultivated samples from different experiments was not enough

to reliably generate orientation on an overhead photo. This is highly recommended as an

area for future work, and would help research into this space of automating reactions and
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behaviors in developmental disorders such as autism spectrum disorder.

122



Appendix A

Programming the NAO Robot

The NAO robot can be programmed with proprietary software called Choregraphe, which

comes with the purchase of any NAO robot. The Choregraphe version used in this thesis was

version 2.1.4, on a NAO robot version H25, V4, purchased in 2013. The NAO’s software

operating system was version 2.1.4.13. Choregraphe is a drag-and-drop user interface

that comes with many pre-programmed actions for the robot, including sitting, standing,

waving one arm, doing a Tai Chi dance with accompanying music, and speaking (given text).

Choregraphe also allows a user to program the NAO through its interface in Python, or by

training the NAO’s motors into specific configurations.

The NAO interaction program built for this thesis used all three methods. Figure A.1

shows an overview of the program containing the games the NAO plays with children. It

includes commands (written in python) to record the audio and video from the robot’s

perspective, introducing itself, blocks containing “Simon Says” (called “I do this” for

simplicity’s sake), blocks containing the “I spy” (called “I see this” for simplicity’s sake),

blocks containing the “If you’re happy and you know it,” “Bye Bye Bye,” and “Tai Chi”

dances, and other blocks to speak, wait for a touch from the experimenter, and blocks

to adjust timing or robot perspective. Figure A.2 shows the python program interface;

Figure A.3 shows just one piece of a “Simon Says” action, a toe touch. Figure A.4 shows

the “key frames,” or joint positions, during the toe touch. The “Simon Says” actions, the
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Figure A.1: An overview of the toddler games used in the human-robot interaction sequence.

looking-around behavior exhibited during the “I spy” presses, and the “If you’re happy

and you know it” dance were programmed by the author and experimenter. The “Bye Bye

Bye” dance sequence was programmed by an undergraduate student at the University of

Minnesota, and the standing up, sitting down, and Tai Chi movements were already available

in Choregraphe.

The full program text is given in Table A.1. Between each press is additional encourage-

ment from the robot, such as “you’re doing a great job. Let’s keep playing!” after which it

waits for the experimenter to press a button on it to start the next press.
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Table A.1: The program text and actions. The program takes about 9.5 minutes to run if the
experimenter rapidly progresses between presses.

Press Action or speech

Introduction
(wave hello) My name is Robbie. I like to play games.
Can you play with me? Try to follow along.

1

I touch my nose. Can you touch your nose?
I bump my fists. Can you?
I clap my hands. Can you clap your hands?
I put my hands on my head. Can you put your hands on your head?
I clap like this. Can you clap?
I touch my toes. Can you touch your toes?

2
Would you like to dance? I know a song called
If you’re happy and you know it.
(Dance)

3

Let’s play I spy. Can you look around with me?
Do you see a red chair?
Do you see a cat?
Do you see a blicket?
Do you see a robot?
Do you see a door?
Do you see a window?

4
I want to show you a dance I like to do. Have you heard
this song? It’s called bye bye bye.
(Bye Bye Bye dance)

5

Do you see a computer?
Do you see a shoe?
Do you see a phone?
Do you see a table?
Do you see a black chair?
Do you see a cabinet?

6

Let’s play again and you can copy what I do.
Look over here. (looks right) Can you look over there?
I wave like this. Can you wave?
I look over here. (looks left) Can you look there?
I nod my head. Can you nod?
I point over there. Can you point?
I move my fingers. Can you move your fingers?

7 (Tai chi dance)
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Figure A.2: An example of the python code available to edit or add in the Choregraphe
interface.

Figure A.3: A sample item, the toe touch, in a “Simon Says” set. The robot says “I touch
my toes,” leans forward to touch the tip of one foot, sits upright again, says “can you?” and
waits for a random amount between 1− 3 seconds for the child to react.
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Figure A.4: A sample view of the joint positions and motion programming available through
the Choregraph interface.
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Appendix B

Child Development Assessments

B.1 Vineland Adaptive Behavior Scales

This thesis uses real participant scores generated from the Vineland Adaptive Behavior

Scales [107], or Vineland, or VABS. This development assessment gives participants an

overall rating of adaptive functioning, based on how often the participant shows some action

or behavior in real life, as reported by someone who knows the participant well such as

a caregiver or teacher. Behaviors are not rated on how the child performs on a particular

day of testing; the assessment asks the reporter how frequently a child shows a particular

behavior in daily living, on a 0− 2 or never / sometimes (partially independent) / usually

(without help, independent) scale. The questions ask if the person has seen the child do the

item in question, not if the child is capable of doing it. The Adaptive Behavior Composite is

a score based on three areas, or domains: communication, daily living, and socialization

scores. All four scores, the three domains and the composite score, are standardized to a

mean of 100 and a standard deviation of 15. An adequately developing child would fall

somewhere within one standard deviation of the mean, or within the 86− 114 point range

on the composite and the domain scores.

Each domain measures a particular area of daily functioning. The communication domain

measures how well a child listens, understands, reads, writes, and expresses themselves
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through speech. The daily living domain measures performance in common, practical tasks

at home or school, such as zips zippers that are fastened on the bottom, as on a backpack.

The socialization domain measures skills in social situations, like playing cooperatively with

more than one other child for more than 5 minutes. The actual exam questions vary by age

of the participant; some sub-domains, like communication, can be assessed in children less

than one year old, but some sub-domains do not apply to children younger than three years

old.

Each area of assessment for adaptive behaviors has a list of questions in order of

complexity; for each set of questions, the examiner will ask if the child does it on the 0− 2

scale. The base scale is 4 consecutive items marked with 2 (child usually does it without

help) and the ceiling is 4 consecutive items marked 0 or ‘does not do.’ A three year old child

might sometimes ‘follow instructions in “in-then” form’, and sometimes ‘listen to a story for

at least 15 minutes,’ but they do not ‘listen to a story for at least 30 minutes,’ ‘follow 3-part

instructions,’ ‘follow instructions or directions heard 5 minutes ago,’ or understand idioms,

at which point the examiner will stop assessing the receptive section of the communication

domain.

The maladaptive behaviors section, unlike adaptive behavior sections, is asked from start

to finish, and looks at internalizing behaviors, externalizing behaviors, and critical items.

These questions look for problematic, interrupting behaviors in life or school settings, such

as destroying possessions intentionally or extreme anxiety. A sample scoring sheet for the

maladaptive behavior section of the assessment for a purely fictitious 8 year old male is in

Figure B.1 [113]. The 0 − 2 scoring is the same as the adaptive behaviors; in the sample

scoring sheet, 0 indicates none of the behavior, and 1 or 2 indicates the presence of severely

maladaptive behaviors, which are causes for concern.
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Figure B.1: Part of a sample scoring sheet for a fictitious 8 year old male. This sample
scoring sheet comes from Vineland, 3rd edition.
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B.2 Mullen Scales of Early Learning

This thesis uses real participant scores generated from the Mullen Scales of Early Learning

[74], or Mullen. This exam is delivered to the child over a 1-2 hour time period by a trained

examiner, unlike the previous caregiver interview assessment. There are five main areas

assessed: Gross Motor, Visual Reception, Fine Motor, Expressive Language, and Receptive

Language. Combined, these form an Early Learning Composite score. In each area, the

examiner asks the child questions, or asks them to demonstrate physical activities, which

get progressively more demanding, until the child is unable to complete three tasks in a row.

The question format depends on the area; for example, Gross Motor Scale requires

standing, walking, and running. The Visual Reception scale requires matching, sorting, and

nesting cups, whereas the Fine Motor Scale requires stacking blocks, drawing, and stringing

beads. The Receptive Language Scale requires recognizing body parts and following

commands. The Expressive Language scale requires answering questions and completing

analogies. Each area question is formatted such that it does not require a different area; for

example, receptive language does not need the participant to speak. A completely successful

task might be scored from 1 - 5; some actions, like unscrewing and screwing a large plastic

nut and bolt, is a 1 (does it) or 0 (does not do it) score, but stacking blocks vertically might

score 0 (no blocks), 1 (3 - 5 blocks stacked), 2 (6 - 8 blocks stacked), or 3 (9 or more blocks

stacked).

A sample plain-text scoring sheet for the Mullen assessment for a purely theoretical 16

month old male is in Figure B.2 [112]. It shows the score for each domain, the composite

score, and the equivalent developmental age in each area for this child.
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Figure B.2: Sample final score tally of a fictitious 16 month old male.
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