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Abstract

In the field of human-robot interaction (HRI), integration of robots into
social settings, such as healthcare and education, is gaining traction.
Robots that provide individualized support to improve human perfor-
mance and subjective experience will generally be more successful in these
domains. Robots should personalize their interactions, be aware of the
contextual nuances surrounding their behavior, and effectively understand
and generate nonverbal cues (as humans’ perceptions and responses are
heavily influenced by nonverbal behavior). They should also consider
factors such as personality traits, the physical environment, and emotional
states to provide tailored, context-aware assistance and support during the
interactions. This thesis explores personalized context-aware multimodal
robot feedback, focusing on affective nonverbal behavior.

We first consider the problem of estimating context, specifically modeling
key aspects of the human state. We predict engagement-related events
in an educational activity before the end of that activity, which could
allow the robot to provide feedback early enough to improve the human’s
experience. We then explore generating nonverbal affective robot behavior
by correlating a simulated robot’s movements with displayed emotion. We
develop a user study to show that matching the robot’s conveyed emotion
with a matching affective movement has a positive impact on the human’s
performance in a sorting game. Next we design a physical robot exercise
coach as a platform where we can estimate context (exercise performance,
fatigue level, etc.). With a user study, we examine the changes in human
perception of and performances with different robot feedback styles. This
provides us a basis on which to begin tailoring feedback styles to the
individual. Finally, we develop a personalized context-aware robot using a
contextual bandit approach to dynamically adapt the robot’s feedback
style to optimize the human’s performance, learning over time which style
to use and when. This brings together all the work presented in this
thesis and aims to create a holistic framework for generating personalized
context-aware multimodal feedback that positively impacts the interaction
with the human.
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1 Introduction

The �eld of human-robot interaction (HRI) aims to create robots that integrate into

human social settings. Robots are becoming prevalent in a variety of domains, moving

from controlled factories to more complex environments such as healthcare, education,

and our homes. In these domains, it is increasingly crucial for robots to personalize

their interactions, be aware of the contextual nuances surrounding their behavior, and

e�ectively utilize nonverbal communication cues. Failure to personalize interactions

and instead rely on a one-size-�ts-all strategy can lead to missed opportunities to

improve individual performance and experiences based on preferences and context.

Personalized context-aware multimodal feedback focuses on tailoring the robot's

responses and expressions to individual users' preferences while considering the

dynamic context that shapes the way humans interact. We speci�cally focus on

a�ective, or emotional nonverbal feedback, as we see potential for robots to convey

emotions nonverbally, in a context-aware fashion, to in
uence humans.

When humans interact, they adapt to each other and consider the preferences,

requirements, and capabilities of each other, and when robots interact with humans,

they should endeavor to do the same. Robots that personalize their behavior have

great potential in many applications, including educational robots that provide

individualized support and exercise coaches that motivate people to exercise better.

Di�erent people also respond to feedback and guidance in di�erent ways. In the

case of an exercise coach, some people might prefer a �rmer approach and others a

more encouraging one. Additionally, some might in general prefer a �rm approach

based on their personality, but as they become more fatigued, they might like more

1



1. Introduction

encouragement to keep going. Considering factors such as personality traits and

user-speci�c requirements, personalized robots can provide tailored assistance and

support, fostering an engaging and productive interaction.

Context awareness goes hand in hand with personalization. Robots need to com-

prehend and respond to the situational factors that in
uence human communication.

Context includes a broad spectrum of information, including the physical environ-

ment, temporal aspects, and even the emotional states of the individuals involved.

A context-aware robot understands and interprets this contextual information, so it

can make informed decisions, adjust its behavior, and provide appropriate responses.

By being context-aware, robots can personalize to the individual even better and

enhance the human's satisfaction and performance.

Integrating nonverbal behavior into the framework of personalized context-aware

robots holds great potential for robots to interact in more nuanced ways. Nonverbal

cues, such as facial expressions, gestures, body language, and tone, are a signi�cant

portion of how humans communicate [45]. For example, in education, teachers

can change their nonverbal immediacy, de�ned as the degree of perceived physical

or psychological closeness between people, using di�erent nonverbal behaviors [66].

A teacher smiling and leaning in to explain a concept to a student will have a

very di�erent impact compared to a teacher crossing their arms and frowning while

communicating the same information. The student may better internalize the feedback

from the smiling teacher and may view the frowning teacher as more strict. The way a

human communicates emotion through nonverbal behavior can have a signi�cant e�ect

on the impact of their feedback and how they are perceived. Similarly, robot nonverbal

behavior a�ects humans in di�erent ways, such as the perception of the robot, emotion

recognition and response, behavioral response, and human task performance [79].

In this thesis, we explore the creation of personalized context-aware robot feedback,

with a speci�c focus on a�ective nonverbal behavior. Unlike other types of nonverbal

behavior, such as deictic gestures (e.g. pointing), a�ective nonverbal behavior focuses

on conveying emotion through facial expressions, body gestures, and other modalities.

We explore two domains: education and exercise. Personalized feedback in

education can be vital; teachers often encourage their students after mistakes and

celebrate their successes [16]. A robot tutor can provide that one-on-one support,

responding with feedback to the student to help them learn better and enjoy the
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learning process. Exercise is another domain where personalization can be useful.

Personal trainers are a great resource for individuals to improve at their own pace

and can provide feedback that a group setting or exercising alone cannot provide.

A robot exercise coach could �ll that role, providing personalized corrections and

motivation by understanding the human's current state as well as the way they prefer

to be coached.

Thesis contributions

Research Question: How can we design personalized context-aware multimodal

robot feedback to improve human performance and subjective experience?

Chapter 4 primarily explores how to estimate the human state and presents an

example predicting measures of engagement during an educational activity, early

enough for a robot to intervene and correct any undesirable behavior.

ˆ Hypothesis : We can reliably estimate engagement early during an educational

activity using a combination of facial and task-related features.

ˆ Findings: Our results show that we can predict with high accuracy with more

than 80% of the activity remaining, and we also see that a combination of facial

and task-related features outperforms using only facial features.

Chapter 5 explores how to generate a�ective nonverbal robot behavior, which

we show improves learning during an educational activity, even though the a�ective

behavior does not provide additional information related to the task.

ˆ Hypothesis: A�ective nonverbal robot feedback can signi�cantly improve

performance and subjective experience in an educational activity.

ˆ Findings: A robot using a�ective nonverbal behavior to react to the human's

correct and incorrect responses resulted in a signi�cantly better human per-

formance in a sorting game task, compared to a robot that provided the same

content of feedback without the emotional nonverbal response.

Chapter 6 presents a physical robot exercise coach that evaluates the form and

speed in real time of human exercise. The robot reacts in a multimodal way to explore

people's varying preferences for and performances with di�erent feedback styles.

3



1. Introduction

ˆ Hypothesis: Di�erent feedback styles of an exercise coach robot have signi�-

cantly di�erent impacts on people's performances and subjective experiences.

ˆ Findings: We implemented two feedback styles (�rm and encouraging) for

a robot exercise coach, and found that people preferred the robot to pro-

vide context-aware feedback and that people had varying performances and

perceptions of the two styles.

Chapter 7 extends the work in Chapter 6 by answering the question: how can a

robot determine which feedback style to use and when, in a context-aware way? We

present a contextual bandit approach that accurately chooses the feedback style to

optimize performance in complex fatigue scenarios for an exercise coach robot.
ˆ Hypotheses: A robot learning style preferences in real time can signi�cantly

improve human exercise performance. Additionally, a robot that takes context

into account can signi�cantly improve performance over a robot that uses

non-contextual learning.

ˆ Findings: Our results show that the adaptive contextual bandit approach is

successful in determining the style to choose in real time and performs well for

humans who perform better with either one style or equally with both. We also

found that a bandit that takes context into account can outperform one that

does not in some contextual situations.
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2.1 Human Feedback

In human interactions, di�erent types of feedback can result in di�ering task per-

formances and experiences, and people use a combination of verbal and nonverbal

modalities to communicate. When speech is accompanied by gestures, people interpret

may interpret the human's meaning di�erently, as nonverbal behavior helps disam-

biguate verbal feedback [45]. This motivates our use of both verbal and nonverbal

feedback for the robot exercise coach presented in Chapter 6.

Nonverbal communication is de�ned as the process of stimulating meaning in the

minds of others through messages that are not language-based [73]. This form of

communication is composed of several categories including kinesics (body motions,

posture, facial expressions, etc.), paralanguage (voice volume, pitch, tempo, etc.) and

proxemics (use of space) [85]. Nonverbal communication can also convey emotions,

with some research suggesting that up to 90% of emotional meaning is conveyed

through nonverbal behaviors [62]. Humans rely on a combination of many characteris-

tics to display emotion, including facial expressions [23], which have been decomposed

into Facial Action Units in [ 24]. In our work, we utilize estimates of these Facial

Action Units to model the human's emotional state (Chapter 4).

Nonverbal communication can serve a variety of purposes, including complementing

verbal exchanges, revealing emotional states, and in
uencing the performance of others

[92]. Nonverbal behavior, speci�cally movement, gesture, posture, facial expressions,

and gaze, was shown to be vital in communication between a coach and athlete [22].
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The robot exercise coach presented in Chapter 6 utilizes these modalities to convey

a�ective feedback to the human during an exercise session. In students, nonverbal

behaviors, such as slouching, could indicate a lack of interest, and leaning forward

could show attentiveness [66]. Nonverbal behavior of students has even been shown

to have an impact on teachers' emotions [32]. Emotion communication researchers

found that body movements of professional actors showed patterns in portrayals of

speci�c emotions [21], and we �nd similar patterns with a�ective robot behavior in

Chapter 5.

Humans can also react di�erently to feedback given in di�erent ways, motivating

our use of multiple feedback styles in Chapter 6. Researchers found that students

had di�erent preferences for how teachers should give di�erent types of feedback

[16]. Researchers also found that people generally prefer process-based criticism

over personal criticism [36], which motivated our design of robot verbal feedback

in Chapter 6. Choosing the correct feedback style can even have an impact on

task performance. For example, in one study, groups that received error feedback

outperformed groups that received other types of feedback in learning how to jump

vertically [67]. Human teacher nonverbal behavior has been shown to a�ect both task

performance and perception of the teacher [6, 7, 93]. For example, students thought

their teacher meant what she said when her voice became louder and when she stood

and looked down at them.

We attempt to leverage this e�ect in our work by determining how to choose

the correct style of feedback for each person (Chapter 7). In the exercise domain

speci�cally, feedback preferences can be impacted by a variety of factors, as shown in

[34], including physical health, status, and educational level.

2.2 Generating Robot Feedback

Robots providing feedback, especially by expressing emotions, is a highly studied area

for both humanoid and non-humanoid robots, and robot body language has been

used to convey emotion [74]. Researchers investigated how changing the poses of the

NAO humanoid robot a�ected the perception of the robot's a�ect [9]. This work

looked at creating anA�ect Space where the nonverbal behaviors of the robot map

to perceived emotion, resulting in a mapping di�erent from that for humans, and we
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perform a similar procedure for the Quori robot in Chapter 5. Our prior work looked

at how even a low-dimensional robot that mimics one aspect of human behavior with

its nonverbal movements could improve the perception of the robot [37, 38].

Using designed body language for a humanoid robot, researchers tested emotion

recognition in [60]. Emotional behavior by a humanoid robot (NAO or Mini Darwin

Platform) was developed to assist autistic children with emotion recognition [25].

Researchers also developed a framework for displaying robot traits, moods, and

emotions using nonverbal behaviors [68].

Laban movement analysis [51] is another approach to generate robot movements.

Flight paths were used to convey a�ect in [82]. Using Laban e�orts, head movements

were used to convey a robot state using Keepon and NAO robots [49], and the path

of mobile robots was used to create expressive motion [48]. Researchers have also

parameterized hand movements (e.g., waving) using pose and motion parameters that

participants used to create movements corresponding to di�erent moods [95].

Robots in
uence humans through their nonverbal communication in human-robot

social interactions and [79] separates the impact on humans into cognitive framing

(perception of the robot), emotion recognition and response, behavioral response

(directly measured human responses), and task performance. In education, social

robots have been shown to be e�ective in increasing cognitive and a�ective outcomes

[10], and our work also seeks to improve both performance and subjective experience

through robot feedback.

2.3 Robot Feedback Improving Performance

Robots have used their behavior to improve human performance in a variety of

tasks. Higher nonverbal immediacy led to greater learning gains in child-robot

interactions [46]. Nonverbal behavior of the robot (deictic rather than a�ective in this

case) improved task performance for di�cult collaborative tasks [1]. Robot gestures

made di�cult tasks feel easier, speci�cally looking at perceived workload and task

performance [54]. Eye contact and iconic robot gestures improved message retention

in an interaction between robots and humans [90]. In an evacuation scenario, a

robot's nonverbal expressions improved participants' compliance, causing them to

respond earlier and faster [65]. The gaze cues of a robot improved the performance of
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the human agent in a cooperative task, showing the importance of nonverbal behavior

in communication [12]. A robot exercise coach was shown to reduce mistakes in

combination with increased �tness [76]. Many of these works do not explore how

a�ective nonverbal behavior a�ects performance (as we show in Chapter 5), and we

also utilize multimodal behavior to impact performance, where the robot learns the

feedback style with which the human performs best in an online fashion (Chapter 7).

2.4 Robot Feedback Improving Experience

Robots have also used their behavior to improve the human experience during an

interaction. Participants found that a robot programmed to have a positive mood

increased the valence and arousal of its audience compared to using a negative mood

[96]. Researchers have also developed a model for a NAO robot teacher to express

di�erent levels of warmth and competence with its body postures and hand gestures

[71]. In a longitudinal study, robots improved social engagement by tutoring children

[81]. A study on the e�ects of a�ective human-like and robot-speci�c behavior showed

that these behaviors impact the perception of the robot and the human's a�ect

[74]. Robot motion and mimicry had a signi�cant impact on similarity and closeness

in robot-mediated communication [17]. Combining nonverbal gestures with verbal

information can further improve the human experience, as found in [75]. One main

di�erence between these works and the research presented in this thesis is the focus

on multiple feedback styles and understanding how these di�erent styles a�ect the

human's experience (Chapter 6).

2.5 Personalization and Context

Personalization refers to the ability of a robot to tailor its actions and behaviors

to individual users. Researchers developed an approach to adapt the verbal and

nonverbal behavior of a robot based on human extroversion [4], and a study of

post-stroke rehabilitation found that people preferred a robot matched to their

extroversion/introversion [89]. The personalization of the tutors to the learning

di�erences of the students resulted in an improvement between the results of the pre-
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and post-test in an educational activity [53]. Additionally, participants in a study

varied their preferred distance from the robot based on various personality traits,

such as proactivity [91]. Another study found that participants preferred to interact

with a robot that synchronized its movements with that of the human [84]. A robot

personalizing to the individual elicited and maintained engagement and motivation

during an exercise program [35]. A social robot can even personalize its facial

expressions to respond to the user during an interaction [69]. Students interacting

with a robot that personalized its feedback showed a signi�cant increase in emotional

response [30]. Personalizing language to the individual was more e�ective than formal

language in multimedia instruction [72] and the customization of multimodal robot

behavior based on attention score history increased engagement [3]. These works

motivated our use of multiple feedback styles so that the robot could personalize its

behavior to improve its interaction with the human. However, many of these works

do not learn the personalization in real time, which di�erentiates our approach.

Context is an important aspect of human behavior [47], and contextual information

can improve emotion recognition [14]. Research showed that data analyses that do not

take context into account can be di�cult to interpret [ 92], and we see a similar result

in Chapter 4 where the use of task-related features in addition to facial expressions

improved the prediction of the human state.

Researchers found that context can have a large impact on both quantitative

and qualitative results; gaze models had varied results based on the location of the

experiment [70], and children perceived a robot di�erently based on their presence at

school or at camp [71]. The environmental context had an e�ect on the recognition

rate of stylized walking sequences [33]. Even cultural di�erences have an impact;

facial expressions are perceived di�erently in di�erent cultures [57, 58]. Having the

robot take both task information and a human model into account to inform its

feedback improves the human experience and the relevance of the robot's feedback.

2.6 Summary

This thesis incorporates these di�erent aspects of related work. We see in Section

2.1 that humans use both verbal and nonverbal feedback. In our work, we generate

multimodal robot behavior using verbal feedback, facial expressions, and body move-
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ments to leverage the expressive capabilities of all of these modalities. We also found

that humans react di�erently to feedback given in di�erent ways, and we explore this

aspect in our work by creating multiple feedback styles to allow the robot to choose

the style to which each person responds best (Chapters 6 and 7).

We also see in Sections 2.3 and 2.4 that robots providing feedback during an

interaction can improve both performance and subjective experience. However, most

of the previous work in this area only focuses on one of these outcomes, and we show

in Chapter 5 that our multimodal robot feedback can improve both performance and

experience. We also explore trade-o�s between these outcomes in Chapter 7, trying

to understand the impact of optimizing for one outcome over the other.

Furthermore, Section 2.5 explored how humans and robots personalize their

behavior to improve interactions, as well as to take contextual information into

account to improve the relevance of feedback. Although these other works may not

incorporate personalization and contextually-aware feedback simultaneously, our work

does combine these aspects in addition to adapting the robot's behavior in real time

in response to the human's changing performance (Chapter 7).
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3 Approach

We seek to develop personalized, context-aware robot feedback, speci�cally focusing

on nonverbal a�ective robot behavior. We consider settings where a person interacts

with a robot repeatedly, such as performing multiple sets of exercises or multiple

learning activities. At a high level, our approach (Figure 3.1) to address this can be

summarized as follows:

ˆ The human has certain intrinsics including their personality, motivation, and

preferences that a�ect the way they respond to feedback.

ˆ They perform the task while observing the multimodal feedback of the robot.

ˆ The robot observes the human and estimates the context which could include

task information (e.g. task type, interaction time) and a human model (e.g.

performance, fatigue, attention).

ˆ The robot has a speci�c feedback style that governs how it responds to the

estimated context with a multimodal response (verbal, facial expressions, body

language, etc.).

We aim to close the loop bypersonalizingthe robot's feedback. Using the human's

response, the robot can modify its feedback style to improve both the human's

performance and their subjective experience of the interaction. For example, the

robot could observe the human performing better after a correction and could note that

the style it used for the correction was e�ective for that contextual situation. Context

is a key component of this process because estimating the human's performance and

state can allow the robot to see what e�ect its feedback is having and make any

modi�cations that could be bene�cial. For example, the robot can have an estimation
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Figure 3.1: Left : The human performs the task and responds to the robot's feedback
based on their own intrinsics.Middle : The robot observes the human's response
and estimates the context.Right : The robot uses its context estimation and its own
intrinsics to generate a multimodal response.Goal : The overall goal is to personalize
the robot's intrinsics to improve speci�c outcomes.

of fatigue based on its observations of the human and how long an exercise session

has progressed, and when that fatigue is high, the robot could modify its feedback to

be more encouraging and not push the human too much, as they are already fatigued.

In the remaining sections of this chapter, we demonstrate how the work in this

thesis �ts into our overall approach.

3.1 Estimating Context

The �rst step of our approach is estimating the context: both the task informa-

tion and a human model. Task information refers to task type, interaction length,
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and other information about the interaction that is not directly related to human

sensing. For example, if the robot is presenting the human with an educational

activity, the robot will already know the correct answer to any questions presented,

as well as the types of questions and the duration of the interaction. To construct a

human model, the robot must observe certain features from the human (e.g., facial

expressions, body movements, heart rate) and use them (in conjunction with the

task information) to estimate useful information such as task performance, fatigue,

and attention. Knowing information such as how long a task has been going on, as

well as measured facial expressions, can improve the robot's estimate of the human

state (e.g., fatigue, attention). Incorporating task-related features can be vital in

interpreting the observations of the human. A smile in frustration and a smile of joy

are both smiles, but knowing whether the individual has just made a mistake or a

correct response can distinguish between them.

Chapter 4 presents an approach to estimate one aspect of the human state:

engagement. In this work, we use task features and facial features to predict whether

students would exit an activity early, as well as what feedback they would choose

to provide at the end of an activity. Being able to predict these events early would

allow a robot to intervene with appropriate feedback.

Chapter 6 includes a prediction of performance, speci�cally, how well an individual

performs an exercise. This work uses real-time pose estimation to analyze the human's

movement and evaluate both their form and speed while exercising. This information

is vital when the robot determines what feedback to respond with.

Chapter 7 explores the estimation of the human state (fatigue) as a vital part

of context to accompany the work in Chapter 6. We then use this more complete

estimation of the context to inform the robot's feedback and personalize its behavior.

3.2 Generating Robot Feedback

Once the robot has estimated the context, it must react in a multimodal way. In

general, the types of feedback that the robot could provide fall into two categories:

reinforcement and corrections. If the human is performing well in the task (e.g. correct

responses in an educational activity or good form for an exercise), then the robot

should provide encouragement and reinforcement of the good performance. If the
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human is not performing well in the task (e.g. incorrect responses in an educational

activity or improper exercise form), then the robot should provide a (gentle) correction

to guide the human to improve their performance. From the literature, we can see

how humans provide both encouragement and corrections and the way that people

could prefer that feedback during an interaction. However, we do not know a priori

how a human would respond to a robot giving feedback, and in this thesis, we explore

the design of verbal and nonverbal robot feedback using the robot Quori (Figure 3.2).

Figure 3.2: The humanoid robot Quori with a leaning torso, gesturing arms, and face
that can project any image.

Chapter 5 presents an approach for generating a�ective body movements for

Quori, where speci�c body patterns are correlated with conveying certain emotions.

We then show that the robot's a�ective nonverbal feedback has a positive impact on

participants' learning during a user study compared to a baseline of only verbal and

no nonverbal reactions. We also show that mismatching or inappropriate nonverbal

feedback does not have the same positive impact on learning; the robot's verbal and

nonverbal feedback must be aligned and related to the contextual situation.

Chapter 6 extends feedback generation by adding additional robot capabilities:

more nuanced verbal reactions and facial expressions. These additional modalities

work together with the robot's body movements to provide more complex multimodal

14



3. Approach

feedback. This greater variety of possible feedback allows us to di�erentiate our

feedback styles, and in turn, move toward personalizing the feedback styles to the

individual.

3.3 Developing Feedback Styles

The next step of our approach is developing the way the robot should respond, the

feedback model it uses to turn the estimated context into the robot's feedback. For

example, given the same stimulus, a human teacher will respond in di�ering ways

based on their own personality as well as what they think their student will respond

best to. If the teacher knows that the student appreciates very direct corrections,

they will try to respond in the way the student prefers. Our robot, therefore, must

be able to respond in a variety of ways to the same estimated context.

In Chapter 5, we show that the robot's feedback centered around contextually

appropriate a�ective nonverbal behavior was e�ective in improving the human's

performance compared to a neutral feedback style that did not react nonverbally to

the human's actions.

We also explore this idea in Chapter 6, where we develop two exercise coaching

styles (based on what we learned from domain experts): a �rm approach and an

encouraging approach, both of which use aligned verbal and nonverbal reactions.

Through a user study, we compare these approaches and see how participants'

preferences for these styles vary, as well as their performance di�erences.

3.4 Personalizing Feedback

The �nal stage in our approach addresses how the robot should choose which feedback

style to use for an individual in a contextually aware way, with the goal of optimizing

performance. For example, a person may perform better with less encouragement

when they are not tired but with more encouragement when they become fatigued.

Other individuals may perform better with less encouragement regardless of their level

of fatigue. As we show in Chapter 7, what people say they prefer does not necessarily

match up with what they truly perform best with, so for a robot to determine the
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appropriate feedback style to use in each situation, it must adapt in real-time.

Chapter 7 uses a contextual bandit approach [13] to achieve this goal. With a

contextual bandit algorithm, the robot observes the context (fatigue), chooses an

action (feedback style), and observes the reward as a result of its decision (human

response). Then it trains on the combination of context, action, and reward to learn

which styles to use, and when, for an individual. We explore this personalization

with a human model in complex contextual situations as well as in a user study that

compares the e�ectiveness of this adaptive approach over simply choosing a static

feedback style. This �nal work showcases the overall e�ectiveness of personalized

context-aware robot feedback.
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4 Human State Estimation

Summary: This chapter explores an approach for estimating key features of the

human state. Speci�cally, we utilized an educational game [61] where students provide

feedback at the end of an activity and have the option to exit the activity early.

Predicting these user engagement related events that are a key component of context

could help an agent provide appropriate feedback. We present an approach that

uses a combination of human and task features, �ts Gaussian Mixture Models, and

propagates the probability of the engagement-related events over the course of an

activity. Our results show that we can predict these events early enough to intervene

during the activity and additionally show the advantage of using both task and human

features for improved accuracy. Based on these results, we used a similar approach

(combining task and human features) for the exercise coach presented in Chapter 6.

The contents of this chapter were published in [39].

4.1 Problem Formulation

Intelligent tutoring systems, whether in the form of a physical robot or tablet/computer

interface, have great potential to personalize the educational experience and meet the

needs of many di�erent learners. These systems generally take some feedback from the

user to adapt the educational tasks, attempting to optimize learning, engagement, or

other performance measures. For a speci�c application, a tutoring system designer has

to determine how to adapt the tutor's behavior based on the changing tutor/user/task

interactions.
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In this work, we used data from an intelligent tutoring system [61] to develop

an approach for estimating user engagement through the prediction of key events.

Ideally, the system should detect early when the tutor should change its behavior (e.g.,

when the student is disengaged), so that the tutor could intervene with feedback. To

achieve this, we used task and human features derived from an existing educational

application dataset to develop a model that predicts two key events: (1) whether

the student exits the activity early and (2) the feedback the student provides to the

system at the end of the activity.

To predict these engagement-related events, we utilized a time-series classi�cation

approach. Time-series classi�cation methods take a set of observations labeled by a

class and predict the class based on the observations. Deep learning is a popular tool

for time series classi�cation [28], and LSTMs have been used successfully on time

series of the same length. However, these approaches generally make a prediction at

the end of the time series, while we wish to predict before the end of the activity. A

measure of earliness of prediction has been used in time series classi�cation work in

addition to an accuracy measure to evaluate model performance [26, 64, 94], and we

used a similar approach to predict both accurately and early.

4.2 Robotutor Dataset

RoboTutor [61] is an educational application running on an Android tablet that

contains many activities, including reading illustrated stories, practicing writing

words, and solving math problems. Previous work on data from this app included

a�ect detection based on expert labels [2] and correlation between some user behaviors

and facial features automatically detected by OpenFace [80]. This app was a �nalist

in the Global Learning XPRIZE1, and during that time was used by children ages

6-12 in Tanzania. The data used for this project come from beta sites and are screen

recordings during the student sessions, which include a video from the front-facing

camera ([61] has more details, including ethical considerations).

Figure 4.1 (left) is a screenshot of a story reading activity, which contains an

image and text from the story. The text is highlighted in green as it is read to the

1https://learning.xprize.org/
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Figure 4.1: Left : Single frame from recorded videos of the RoboTutor application
with front-facing camera feed (face obscured for anonymity).Right : Feedback screen
appearing at the end of each activity.

student. There is also abackbuttonin the top left corner, which the student can use

to end the activity early. At the end of an activity (whether it has ended early or

fully completed), a feedback screen (Figure 4.1, right) appears where the student can

choose a red, yellow, or green circle to indicate how they felt about the activity, and

the remaining icons on this screen help navigate between activities.

4.2.1 Automatic Feature Extraction

To create prediction models, we �rst extracted a set of features from the screen-

recordings. We only used activities that contain stories to limit the variety of activities

to analyze. For each activity, we collected two di�erent labels:Feedback(the student's

choice on the feedback screen: red, yellow, or green) andBackbutton (whether the

student exited the activity early). Screen taps, which appeared on the videos as white

circles, were detected to determine the feedback chosen or whether the backbutton

was pressed.

We extracted a set offacial features (Table 4.1, A-K) over the course of the

activity using OpenFace [5]. These are the same features computed by previous

work with this dataset [2] and include features that have been used frequently in

a�ect recognition [15]. The six facial action units (F-K) are coded by their regression

values corresponding to the intensity of presence [24]. We also extracted a set oftask

features(Table 4.1, L-Q) that relate to the educational activity itself. These features
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were chosen because they were easily extracted from a frame on the tablet screen

and could represent information correlated with student engagement. As we did not

collect this dataset ourselves, the features we could use were limited by those that

were recorded at the time of data collection.

Table 4.1: Description of Feature Set

Facial Features
A Head Proximity : the scalar distance of the head from the camera
B Head Orientation : the magnitude of rotation of the head
C Gaze Direction : the averaged angle of gaze between the two eyes
D Eye Aspect Ratio : related to blinking of the eye
E Pupil Ratio : the ratio of the area of the pupil to the area of the eye
F AU04 : Brow Lowerer
G AU07 : Lid Tightener
H AU12 : Lip Corner Puller
I AU25 : Lips Part
J AU26 : Jaw Drop
K AU45 : Blink

Task Features
L Position of Activity in Video : sequential order of activity in video
M Picture Side : left or right side of the screen
N Activity Type : story read or story echo

O
Progress : non-decreasing scalar indicating how far along in the story,
computed by green vs. black text on a page (see Figure 4.1)

P Time from Activity Beginning : in seconds
Q Time from Educational Session Beginning : in seconds

4.2.2 Description of Dataset

Our dataset consisted of 105 video recordings of student sessions, each 20-30 minutes

long. We �rst extracted individual story activities from the videos. Since the �nal

activity of each video often corresponded to the instructor telling the student to

stop the session, this activity was not included. Our activity data set was then

composed of 423 activities of length 5-950 seconds, with most activities shorter than

200 seconds. The distribution of thefeedbacklabels was 13.2% red, 77.1% yellow,

and 9.7% green, and the distribution ofbackbuttonlabels was 87.9% no backbutton
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and 12.1% backbutton.

Data are represented asf T (i ) ; X (i ) ; Y (i )
1 ; Y (i )

2 j i = 1; :::; 423g whereT (i ) is a vector

such that T (i )
j is the time of the j th frame of activity i ; X (i ) is a matrix such that

X (i )
j is a vector corresponding to the features computed for thej th frame of activity

i ; Y (i )
1 2 f 0; 1; 2g corresponds to afeedbackchoice of red, yellow, or green; and

Y (i )
2 2 f 0; 1g corresponds to an activity ending naturally or thebackbuttonbeing

pressed. The goal of our approach is to accurately predictY1 and Y2, given only a

few frames ofT and X .

4.3 Methodology

We used facial and task features to predict which feedback was chosen at the end of

an activity or whether the backbutton was pressed to end the activity early, with

the goal of predicting as accurately and early as possible. During the course of the

activity, we combined individual observations using a Bayesian framework and used

Gaussian Mixture Models (GMMs) to provide the probabilities needed for Bayesian

updating. The approach chose hyperparameters to optimize the desired balance

between the F1 score (weighted by� ) and earliness (weighted by 1� � ), where �

is an input to the learner. We describe the methodology for predicting thefeedback

labels here withK = 3 labels; the backbuttoncase is analogous.

4.3.1 Training Gaussian Mixture Models

Given a set of training data of the formf T (i ) ; X (i ) ; Y (i )
1 g, we trained a Gaussian

Mixture Model for each label, i.e. red, yellow, and green. GMMs were chosen as

they could represent multi-modal data and output a probability that an observation

belongs to a class, which we used in the probability propagation step. However, we

noticed that the distribution tended to change over time (e.g., at the beginning of

an activity, facial features tend to be less informative predictors), so to improve the

prediction we trained multiple GMMs for each label by �rst creatingM intervals

from the distribution of activity lengths.

Each of theM intervals had a starting and ending time (e.g. the �rst interval

may include 0-30 seconds, the second 30-120 seconds, etc.) such that the number of
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activities ending in each interval is approximately the same. For each of theK labels,

we �rst found all the activities within the training data with that label, took only the

time steps of the activities corresponding to time steps within a particular interval,

and then trained a GMM with N components on those data. This resulted in a total

of MK GMMs trained. Given the training data, our approach learned the models

and optimized for M and N .

4.3.2 Probability Propagation

We then used the GMM models to predictP(Ck), the probability of the kth class,

for each time step of an activity. We initializeP(Ck) = 1
K , which corresponds to a

random guess. Then we letX(i )
j = f X (i )

1 ; X (i )
2 ; :::; X (i )

j g be the observations known at

the j th time step. We calculated the probability at the next step using a modi�ed

Bayes rule from [52]:

P(Ck jX(i )
j ) =

P(X (i )
j jCk)P(Ck jS)P(Ck jX(i )

j � 1)

P(X (i )
j jX i

j � 1)
(4.1)

whereP(Ck jX(i )
j � 1) is the computed probability from the previous time step;P(X (i )

j jCk)

is the output of the GMM that was trained on a time interval including T (i )
j corre-

sponding to classCk ; and P(Ck jS) is the static prior from the training distribution

to avoid model drift. For example, if Ck = yellow and yellow labeled 80% of the

training data, then P(Ck jS) = 0 :8.

The denominator is a constant over allk, so is normalized out by ensuring that the

P(Ck jX(i )
j ) sum to 1. To try to ensure conditional independence between observations

and reduce the e�ect of noise in the features, the featuresX (i ) are averaged over a

one second interval, and the probability is updated once a second. If no features are

present during one second, due to errors in face detection, the probability from the

previous time step is used unchanged.

4.3.3 Classi�cation

If the goal was to classify at the end of each activity, we would use the highestP(Ck)

in the �nal time step. However, classifying earlier is bene�cial, since that information
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could be used to modify a tutoring system's behavior. To achieve this, we set a

threshold � 2 [0; 1] such that if any P(Ck) exceeds� , we classify2 the activity as

belonging to classk. If no P(Ck) exceeds� for the entire activity, we counted it as

an inconclusive result, as predicting a class at the end of an activity does not have

utility, since we know what the students did and no intervention is possible.

Figure 4.2: Example predictingfeedbackchoice using the described approach with
two possible thresholds� 1 and � 2 shown.

Figure 4.2 illustrates the prediction process applied to an activity of length 30

seconds for thefeedbackcase. The probabilities are initialized to 1=3, and the

observations are combined using Equation 4.1. Note that between 12-15 seconds,

OpenFace failed to �nd the face, resulting in a 
at probability curve for all labels.

The �gure plots two di�erent thresholds to show how the choice of threshold impacts

both the time of classi�cation and the predicted label.� 1 predicts yellow at 3 sec,

while � 2 predicts (the correct label) red at 25 sec.

2We tried varying � over time, but that did not improve results.
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4.3.4 Optimizing Performance

To predict both accurately and early, we optimized using an objective functionS, a

function of � (threshold), M (time intervals), and N (GMM components), as well

as a weight� 2 [0; 1]. � de�nes how much we prefer an accurate prediction over an

early one. As our dataset was quite unbalanced, we used a weighted F1 score in place

of accuracy. The F1 score is calculated for each label, and we report the average

weighted score by the number of true instances for each label.

The form of the objective functionS is shown below.

S(�; M; N; � ) = ( � )F1 score + (1� � )Earliness (4.2)

Earliness, or the average fraction of an activity's time that wasnot needed for

classi�cation, is de�ned as 1
n

P n
i =1

T ( i )
� 1 � t̂ ( i )

T ( i )
� 1

, wheren is the number of activities where

the threshold is met; andT (i )
� 1 and t̂ (i ) are the activity length and prediction time for

activity i .

4.4 Results

Our goal was to optimize the performance metricS by changing the three parameters:

� 2 f 0:55; 0:60; :::; 0:95g, M 2 f 1; 2; :::; 6g, and N = f 1; 2; :::; 6g. For each combi-

nation of these parameters (324 total), we performed 10-fold cross-validation and

recorded the averageS over all folds. We then chose the hyperparameter combination

with the highest average value ofS. Additionally, when comparing the performance

of two di�erent models, we used a Welch two-sample, two-tailed t-test, which does

not assume that the two variances are equal.

The optimization was dependent on the choice of� , which trades o� the F1 score

for earliness.� = 0 means we prioritize only earliness and� = 1 means we prioritize

only the F1 score. We performed the optimization ofS for values of� 2 [0; 1]. We

found that when � > 0:8, performance drops signi�cantly, so we chose� = 0:8

for further analysis. Additionally, low levels of � , such as� < 0:3, have a lower

performance metricS due to lower accuracy.
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4.4.1 Earliness and Guessing

Figure 4.3: Comparison of� = 1, � = 0:8, and guessing the most common label,
for feedback(left) and backbutton(right). The average value of metrics F1 score,
earliness, frequency, andS are illustrated with a standard deviation bar. Signi�cant
di�erences at the p = 0:05 level are indicated with asterisks. Signi�cance was tested
only for F1 score and earliness.

Often, accuracy is the only metric used to evaluate prediction models. Intuitively,

the more of the activity seen by the model, the more accurate the prediction will

be; however, we wanted to make predictions before the activity had �nished to allow

time for any intervention. To understand how this trade-o� manifested in our model,

we compared the results of considering only the F1 score (� = 1:0) and including

earliness (� = 0:8). We also validated our approach by comparing the performance

with guessing the most common label in the training data for each activity (e.g.,

choosing yellow or no backbutton) at the �rst time step.

As shown in Figure 4.3, the F1 score was lower for a lower� , which is intuitive

since� = 1 only weights the F1 score. However, that di�erence was not statistically

signi�cant, while adding a weight of 20% on earlinessdoessigni�cantly change earliness

for feedback(t = � 5:782; p < 0:001; df = 17:64) and backbutton(t = � 5:507; p <

0:001; df = 13:00). This increase in the earliness with no signi�cant change in the F1

score indicates that including earliness improves overall performance, with respect

to our goal of predicting accurately and early. Figure 4.3 also plots the frequency

of prediction, where a value of less than 100% indicates that for some activities,

the threshold was not reached by the end of the activity and no classi�cation was

performed. As shown in the results,� = 0:8 classi�ed a greater percentage of activities

compared to� = 1.
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The optimal hyperparameters vary for each value of� . For feedback, we found

(� = 0:95; M = 2; N = 3) for � = 1:0 and (� = 0:7; M = 2; N = 3) for � = 0:8 to be

optimal. For backbutton, we found that (� = 0:95; M = 4; N = 1) for � = 1:0 and

(� = 0:55; M = 2; N = 3) for � = 0:8 are optimal. Note that the optimal threshold�

when � = 1 is much higher than for � = 0:8, which makes sense since with� = 1

there is no penalty for waiting longer in exchange for greater prediction con�dence.

Another interesting result is that the optimal number of time intervalsM was

greater than 1 for all cases. This means that using multiple intervals to segment the

time series data increased overall performance.

We also compared the results to guessing the most common label (shown in

gray in Figure 4.3). Although the F1 score resulting from guessing was lower than

our model at � = 0:8 and 1:0 for both cases, this di�erence was not statistically

signi�cant (note that the earliness scores are always 1, since guessing is done at the

start of an activity). We anticipate that with a larger dataset and more balanced

label distribution, guessing will perform worse.

4.4.2 Facial and Task Features

Figure 4.4: Comparison of using only facial features, only task features, and all
features, forfeedback(left) and backbutton(right), with the optimal hyperparameters
and � = 0:8. The average value of metrics F1 score, earliness, frequency, andS are
illustrated with a standard deviation bar. Signi�cant di�erences at the p = 0:05 level
are indicated with asterisks. Signi�cance was tested only for F1 score and earliness.

We hypothesized that the context of the task can help interpret the student's

internal state. Facial features alone have been used extensively to predict a�ect, as in
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[78, 86]. To evaluate this, we compared the performance of using only facial features

(A - K in Table 4.1), only task features (L - Q in Table 4.1), and all features, shown

in Figure 4.4 with signi�cant di�erences indicated with asterisks.

We found signi�cant di�erences in earliness when comparing a model using only

facial features and a model using all the features. Speci�cally, the t-test resulted in

(t = � 7:422; p < 0:001; df = 14:62) for feedbackand (t = � 2:50; p = 0:02; df = 17:67)

for backbutton. Additionally, for the feedbackcase, there was a signi�cant di�erence

between earliness using only task features and using all features (t = � 2:417; p =

0:03; df = 15:76).

An interesting result is that the task features alone predicted earlier in both

cases compared to facial features alone; with the F1 score not signi�cantly di�erent.

This does seem non-intuitive, since facial features have been used extensively for

a�ect recognition. Task features do not encode any information directly from the

student and instead record progress in the activity, so it seems unlikely that they

would outperform facial features. A potential explanation is the noisy data output

by OpenFace. The students moved rapidly in the camera frame, and occasionally

another student appeared in the frame during an activity. In contrast, task features

were less noisy, as they were computed from relatively static and predictable items

on the tablet screen during an activity.

Another explanation could be that engagement is tied closely to the time a student

has spent using the tablet (one of the task features), perhaps due to fatigue. We

conducted an ablation study, removing one feature at a time, to determine which

features had the greatest impact on the objective functionS. We found that featureP

(time from activity beginning) and featureQ (time from educational session beginning)

resulted in statistically signi�cantly better performances when included compared to

when removed. This lends validity to this explanation that engagement is tied closely

to these time-related features.

4.5 Discussion

Our framework for predicting whether an event occurs at the end of an activity before

the activity actually ends, using a combination of facial and task features, is easily

generalizable and can predict any event occurring at the end of a time series given
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a set of features computed over the course of that time series. We can handle time

series of varying lengths without trimming or warping the data, as is often necessary

for other time series approaches, such as LSTMs [11, 28].

Since \ground-truth" engagement does not exist, our approach used thefeedback

and backbuttonevents as proxies, which means that the interpretation of the results

can be ambiguous. An issue brought up by those who collected this data [61] is that

not all students understood the semantics of the three feedback buttons. The meaning

of each was not clearly explained to them and therefore each student interpreted the

buttons slightly di�erently. This could explain why the F1 score is signi�cantly lower

for feedbackcompared tobackbutton(an unambiguous indicator of engagement or

fatigue). We mitigate this issue in our work in Chapter 6 with an exercise coach that

can analyze human performance in real time along with periodic surveys to collect

subjective measures.
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5 Affective Nonverbal
Feedback

Summary: This chapter explores a�ective nonverbal feedback for the robot Quori.

We �rst present a user-driven approach to generate body and arm robot movements

that correlate with various emotions and compare those results to literature. We

then developed a sorting game task in which players guess which of two bins cards

belong to based on their properties. We also present a methodology for choosing

the order of cards based on a model of how players learn the rule over time. We

used this game to develop a user study with a simulated robot giving feedback

between each card, comparing aneutral robot with minimal nonverbal movements

and a matching a�ective robot performing a nonverbal movement corresponding to

the a�ect it is trying to convey (happy for correct, sad for incorrect). Our results

showed that participants learned the rule better (higher sorting accuracy) with the

matching a�ective robot compared to theneutral one, and we also examined subjective

measures and interactions with the di�culty of the sorting rule. We additionally

tested nonverbal behavior that did not match the contextual situation (e.g. sad

movement coupled with a correct answer), and this did not improve the sorting

accuracy, indicating the importance of verbal-nonverbal congruence. This work

showcases the utility of including a�ective nonverbal feedback, and we utilized these

movement patterns Chapter 6 when developing a physical robot feedback system.

The contents of this chapter were published in [40, 41].
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5.1 Generating A�ective Movements

This section describes how we generated a variety of movements using an approach

similar to [83] and asked users to identify the emotions observed in those movements

to determine which movement patterns were correlated with which perceived emotions.

Since robot morphology is di�erent from human morphology, we chose this user-driven

approach so we can later be more con�dent that the movements we generate for the

robot will have the correct perceived emotion.

Quori (Figure 5.1) is a robot designed for and by the HRI community [87]. This

robot has gesturing arms, a face that can project any image, and a waist joint to

lean forward and backward, movement that has been shown to correlate with various

emotional behaviors [14, 20, 21]. Our goal in this work was to develop nonverbal robot

movements for the Quori robot to display speci�c emotions. Although emotional

behaviors are composed of many modalities (speech, movement, facial expressions,

etc.), we focused on body movements exclusively in this work to explore how even

low degree-of-freedom (DOF) motion can convey emotions.

We �rst focused our attention on the types of torso and arm movements in humans

in the literature that are correlated with the displaying of di�erent emotions. Table

5.1 summarizes our review of this literature with speci�c description of movements for

each of the seven emotions. These are the six basic expressions of happiness, sadness,

fear, disgust, anger, and surprise from [24], with the addition of interest (useful in an

educational context).

5.1.1 Robot Movements

We developed a simulation environment using ROS/Gazebo that allowed us to

command the robot's arms and torso to a desired position at a speci�ed speed

(maximum of 1 rad=s for all joints). As shown in Figure 5.1, the torso has one DOF

(� 1) and can lean forward to 0:47 rad and backward to� 0:21 rad. Each arm has two

co-located joints: a rotational shoulder joint with no joint limits (� 2,left/right ) and a

lifting shoulder joint with limits � 1:1 rad (� 3,left/right ).

To constrain the large number of possible movements created by combining these

DOFs, we developed a set of design considerations. For torso motion, we only created
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Figure 5.1: Torso and left arm angles labeled on the Quori robot (image from
http://www.quori.org/)

movements starting at a neutral position (� 1 = 0) and ending forward or backward at

a small or large angle. The torso can move between its start and end position at a

slow or a fast speed. The discretization of the possible end positions to 4 possibilities

and the speeds to 2 levels allowed us to reduce the number of possibilities but still

include a variety of torso movements.

When choosing possible arm movements, we �rst determined whether the move-

ment would be symmetric or asymmetric. For symmetric movements, both arms

would start forward or at the robot's sides and could end either forward, at the

robot's sides, or above the robot's head. This motion could be performed at a slow or

a fast speed. For asymmetric movements, the left arm was stationary either forward,

at the robot's side, or above its head. The right arm could be stationary in either

the forward or side position. It could also move from a forward or side position to a

forward, side, or high position, at a slow or fast speed. By only including asymmetric

movements with the left arm stationary, we eliminated mirror image movement with

the right arm stationary and the left arm moving. We believed that the emotion
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Table 5.1: Torso and arm movements from literature associated with 7 emotions

Emotion From Literature

Happiness
Symmetrical up-down motion of arms [21];
Hands kept high, hands made into �sts and kept high [88];
Slight lean backwards, arms raised high [20]

Sadness
Leaning forward, Hands at sides [14];
Hands over head [88];
Leaning forward, Hands at sides [20]

Fear

Leaning backward [21];
Hands out to sides [14];
Body backing, Hands over head, trying to cover body [88];
Leaning backward, Arms slightly forward [20]

Disgust Leaning backward, Arms forward [20]

Anger

Leaning forward [21];
Leaning forward, Arms crossed, on hips [14];
Hands on waist, hands into �st or low, fast hand lift [88];
Leaning forward, Arms forward [20]

Surprise
Hands over head [88];
Leaning backward, Hands over head [20]

Interest Leaning forward, Arms resting at side [21]

perceived in the movement is agnostic to which arm is moving. We also chose not to

include movements with both arms moving asymmetrically as this would exponentially

increase the number of movements to evaluate.

After applying these constraints, we categorized the 224 resulting movements

using the six properties shown in Table 5.2, each movement taking one value for each

property. We decided not to analyze di�erences due to arm start position because we

want to implement robot behavior that will go from a neutral position to an ending

position and back as a nonverbal reaction, so that property is not listed in this table.

5.1.2 Movement Generation User Study

The goal of this study was two-fold. Firstly, we wanted to determine which movement

properties were correlated with which emotions. Secondly, we wanted to compare

the emotions perceived in Quori's movements with those seen in the corresponding

human movements (Table 5.1).
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Table 5.2: Movement Properties

Property Value 1 Value 2 Value 3
Torso End forward backward
Torso Degree small large
Torso Speed slow fast
(Arm) Symmetry true false
(Right) Arm End forward sides high
(Right) Arm Speed slow fast

Movement Generation Study Design

We developed a study to test whether these 224 movements were perceived as

displaying emotion. This study, created with Qualtrics and administered using

Amazon Mechanical Turk, presented 10 randomly selected videos to 145 participants.

Due to randomization, each video was not seen the same number of times but on

average was seen 6-7 times. The participants were mostly in the 25-44 age range.

For each video, we asked the participants \How much is the robot expressing

each emotion?" for the 7 emotions shown in Table 5.1 plusNeutral. For each of the

8 emotions, participants chose from a 5-point Likert scale with labelsNot, Slightly,

Somewhat, Moderately, and Intensely to indicate their perceived intensity of that

emotion in the robot movement (Figure 5.2). We chose to collect the participants'

perceptions using a set of Likert scales to allow for multiple emotions to be seen at

di�erent intensities in the same robot movement. This also allowed for no or very

little emotion to be seen in a movement, as opposed to other question styles that may

force the participant to choose a single emotion seen in a movement.

Before this set of 10 questions, each participant con�rmed consent to participate

in the study and saw a training video (not from the 224 videos) to practice answering

the Likert questions. At the end of the survey, we asked a series of demographic

questions, including age, gender, ethnicity, and familiarity with robots.

To determine whether a movement on Quori is perceived as conveying the same

emotion as a similar human movement (Table 5.1), we needed to determine the

movement properties with which a particular emotion was associated from our survey

results. We �rst grouped the movements by value for a speci�c property. For the

�rst property, we compared whether emotions were perceived di�erently between
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Figure 5.2: Each participant saw 10 randomly chosen videos out 224 and answered a
set of Likert questions about their perception of emotion in the robot movement.

movements with the torso forward and those with the torso backward. To allow for

the same participant to see multiple movements from the same group, we performed

a Friedman test with a Neymeni post hoc that included a blocking variable (the

participant). For each emotion, we compared the Likert values (as ordinal categorical

variables) between groups. The result of this statistical test was a p-value, with

a value below 0:05 indicating that the two groups were signi�cantly di�erent. We

repeated these comparisons for each property.
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Movement Generation Results

The results of comparing the distribution between values in each property are shown

in Table 5.3. This table combines two types of information: (1) the results of the

signi�cant survey with p-values below 0:05 and (2) the information from the literature

review (Table 5.1).

We see that certain emotions have many more signi�cant results from the survey

than others (black, unitalicized text). Surpriseand Sadnesseach have many properties

with signi�cant results; Happinessand Fear have few properties; andDisgust, Anger,

Interest, and Neutral have either one or no discriminating properties. This may point

to the need for additional DOF or variety in the robot movements to display these

emotions perceptibly. It may also indicate that emotions that had few signi�cant

properties are generally more di�cult to recognize due to the variety of their expression

in humans due to cultural or contextual di�erences.

We were interested to see where the results of the survey and the literature agreed

and disagreed. As seen by the large number of green squares in the table, there were

many cases where these two agreed, especially in the end position of the arms and the

torso end position. Only in one case did the two disagree (red background), which is

the end position of the arms to displayInterest. This disagreement could be due to the

large variety of behaviors associated with the human display ofInterest. For example,

raising one's hand (arm position high) and reaching out to shake someone's hand

(arm position forward) could be considered displayingInterest in speci�c situations.

5.1.3 Movement Generation Discussion

We presented a user-driven approach to evaluate perceived emotion in a large set of

nonverbal behaviors on the humanoid robot Quori. We compared the results of our

survey with human torso and arm movements in the literature that are shown to

be associated with emotions and illustrated many parallels. We found that certain

movement properties, such as the torso leaning backward or the arms ending high,

are associated with particular emotions. We describe our implementation of these

movements to generate a�ective movements with the robot in Section 5.3.1.

A possible limitation of this work is that the simulated robot used here may have

a di�erent e�ect compared to the physically present robot. Despite this limitation,
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Table 5.3: The value in each cell indicates the value of the property (Table 5.2) that
was either described in the literature (Table 5.1) to be associated with a particular
emotion (blue, italicized text) and/or had the highest Likert score compared to
movements with a di�erent value of that property (black, unitalicized text).

Key:
Literature and
Survey agree

Literature and
Survey disagree

Survey Literature

Torso End Torso Degree Torso Speed
Happiness Backward

Sadness
Forward (p = 0.001)

Forward
Large (p = 0.001)

Fear Backward Fast (p = 0.073)
Disgust Backward Fast (p = 0.007)
Anger Forward

Surprise
Backward (p = 0.001)

Backward
Large (p = 0.01)

Interest
Neutral

(Arm) Symmetry (Right) Arm End (Right) Arm Speed

Happiness
Symmetric
(p = 0.037)
Symmetric

High (p = 0.001)
High

Sadness
Forward, Sides

(p = 0.001)
Forward, Sides, High

Slow (p = 0.004)

Fear
Forward

(p = 0.001)
Forward, Sides, High

Disgust Forward
Anger Forward Fast

Surprise
Symmetric
(p = 0.006)

High (p = 0.001)
High

Fast (p = 0.005)

Interest
High, Forward

(p = 0.002)
Sides

Neutral
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our work showed strong correlations between what is found in the literature and how

people perceive emotion in our humanoid robot.

5.2 Sorting Game Task Design

Figure 5.3: All 81 cards (left) in the sorting game (right) belong in one of two bins.

To test the e�ect of a�ective behavior on learning, we �rst created an educational

task, speci�cally a sorting game. In this game (Figure 5.3), there is a rule that de�nes

which cards belong in which of two bins (left or right). The purpose of the game is for

players to sort a series of cards and infer the rule based on discovering which cards

belong in which bin. The cards (taken from the game Set1) have 4 properties (color,

number, shading, and shape), and each property has 3 possible values, resulting in a

total of 81 cards.

The set of all possible rules is very large, but only some of those rules are reasonable

for a human to understand. For example, a rule that randomly sorts cards into the

two bins would be technically possible, but there is no pattern for a human to infer.

Humans tend to see patterns even in random events (apophenia) and tend to make

generalizations based on a small sample group [29].

We therefore de�ne rules of two di�erent forms, which we will calleasy and

di�cult , which have clear patterns for the human to recognize. Aneasyrule sorts

cards based on a single property; for example, \all diamonds go in the left bin and

all squiggles/ovals go in the right bin" uses the shape property. Adi�cult rule sorts

cards based on two properties; for example, \all red diamonds and green/purple

1https://www.setgame.com/welcome
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ovals/squiggles go in the left bin and green/purple diamonds go in the right bin" uses

both the shape and color properties. We did not choose rules with more complex

patterns than di�cult rules because we believed it would be di�cult for a human

to infer a greater rule complexity with the limited number of cards they would be

presented with.

5.2.1 Example Rule Inference Process

For example, consider the rule \all green cards belong in the left bin, and all others in

the right bin" and see how a human could infer this rule. Throughout this example,

for simplicity we assume that the human considers onlyeasyrules. If the �rst card

the player sees is green-one-diamond-solid (top row, Figure 5.4), they have no prior

information about the rule and will simply guess a bin randomly. From the rule, we

know that the card actually belongs in the left bin, and the game will indicate that

as the correct placement.

Figure 5.4: Example of how a human could infer the rule that states \all green cards
belong in the left bin, and all others in the right bin"

When the next card, for example, red-one-diamond-solid (middle row, Figure 5.4),

is shown to the player, they still do not have a clear idea as to the rule, but let us say

that they guess that the rule is \all diamonds in the left bin, all others in the right

bin." Using their guess of the rule, they will sort this card into the left bin. However,

the true placement is in the right bin and the game will indicate as such. Now the
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player has a clearer model of the rule. They will see from the �rst two cards that the

only property that can de�ne the rule is color. In fact there are only two possibilities

as to the easyrule, shown in the thought bubble in middle row of Figure 5.4.

If the next card presented is `purple-two-diamond-striped' (bottom row, Figure

5.4), the player still has an equal chance of getting this question correct, since the

two possible rules sort the card into two di�erent bins. However, after the game

indicates the correct placement of the card (right bin), the player can now infer the

rule, having eliminated the �rst possible rule. They should now be able to sort every

following card correctly and only needed those three cards to correctly infer the rule.

There are three important takeaways from this example. First, when the list of

possible rules is only of theeasy variety, it is much simpler to keep track of and

eliminate possible rules, when given example cards. Looking atdi�cult rules as well,

we anticipated that this process would be more di�cult for humans and that it would

take longer for them to learn the rule. The second is the importance of the order in

which the cards are presented to the players. Certain cards will be more informative

than others when it comes to eliminating possible rules, and uninformative cards

can lead to it taking much longer to learn the rule. In the next section, we discuss

how to generate an `optimal' card order that will try to help students as much as

possible in learning the rule quickly. And �nally, the player is essentially guessing

a bin randomly for the �rst few cards, so it may be advantageous to give them a

head start by sorting the �rst few cards so that the accuracy of their sorting is more

correlated with their learning of the rule.

5.2.2 Choosing a Card Order

This game was constructed so that players could see a series of cards, which helped

them to learn the rule. We designed an algorithm to choose an informative card

order to present to players that maximizes information gain (Algorithm 1). We �rst

de�ne a set of hypotheses that contains all possible rules that are of theeasy(24) or

di�cult (432) form, for a total of 456 possible rules.

Given a rule to be learned, the algorithm begins by looking at all the cards that

have not yet been played and �nds the number of hypotheses eliminated by each

card. A card eliminates a hypothesis if the true rule and the hypothesis sort the card
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Algorithm 1 Generating a card order to maximize the number eliminated hypotheses
to learn a rule

1: r; N . True rule, Number of cards to generate
2: H = H e; C . All easy hypotheses, all cards
3: Q . Card order
4: if jHj = 0 then
5: H = H d . Add in di�cult hypotheses only if all easy have been eliminated
6: end if
7: for i 2 f 1; 2; 3; :::; N g do
8: for c 2 C do
9: H c  f (r; H ) . Hypotheses eliminated byc

10: qc  jH cj
11: end for
12: m  maxc qc . Max hypotheses eliminated
13: Cm  f c 2 Cs:t:qc = mg . Cards eliminating max hypotheses
14: if jCm j = 1 then
15: c0 2 Cm . Pick best card
16: else
17: c0 2 g(Cm ; Q; r ) . Card sorted into bin with least cards
18: end if
19: Q  [Q; c0] . Add to card order
20: C  Cn c0 . Remove chosen card from possible cards
21: H  H nH c0 . Remove hypotheses eliminated by card
22: end for

into di�erent bins (Lines 8-10). Next, we �nd the maximum number of hypotheses

eliminated by a card (Line 12).

If only one card eliminates this maximum number, it is chosen to be presented

to the player (Lines 14-15). If multiple cards eliminate the maximum number of

hypotheses (Lines 16-17), we then choose a card randomly from the choices, where

the probability of choosing a card is based on the number of cards we have already

seen that belong in each bin. This ensures that the number of cards in each bin is

roughly balanced for the entire card order, and the player is less likely to receive

several cards in a row that belong in one bin.

After choosing the `most informative' card, it is added to the card order for

the rule, it is removed from the set of remaining cards, and all hypotheses that it

eliminates are removed from the set of hypotheses (Lines 19-21). The process is

repeated by evaluating all remaining cards against the remaining hypotheses to choose
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the next most informative card. Note that we initialize the set of hypotheses to be

considered as all theeasyhypotheses, and we only add thedi�cult hypotheses if all

the easyhypotheses have been eliminated (Lines 4-5).

In both the rule inference process and the card order algorithm in Lines 4-5, we

make the assumption that the human will consider onlydi�cult hypotheses when all

easyhypotheses have been eliminated. We initially did not include this assumption

when generating the card order for the following study. When we saw the results in

Figure 5.7, the way humans performed did not match how we assumed they would.

We then added this assumption of only consideringeasyhypotheses �rst into the

learner model, resulting in a prediction of results much closer to how people performed.

This means that the card order generated for the user study was not truly an `optimal'

order, but was `optimal' considering our incorrect assumption of the way humans

would eliminate rules. In the remainder of this chapter, we will calloptimal the

learning model/card order that takes theeasyhypotheses into account �rst, and the

suboptimal the learning model/card order that assumes that alleasyand di�cult

hypotheses are taken into account at the beginning of the learning process.

This method of choosing cards is speci�cally designed to mimic how we believe

people would play this game. We hypothesized that they would have certain beliefs

about the possible rules and that as cards are presented, they would remove rules

from that set as those rules are violated. Choosing a card order based on removing

the most hypotheses the fastest should allow the players to quickly arrive at the true

rule.

5.2.3 Learner Model

Once we developed the card order algorithm, we could use the underlying assumed

human inference process to de�ne a learner model for how a player would learn the

rule. This allowed us to simulate how we thought people would perform given a rule

and compare these simulated results to the actual human results.

When a simulated learner sees a card, they look at all the remaining hypotheses

and choose the bin to which the card belongs by choosing a hypothesis randomly

from that set. After seeing the true sorting of a card, the simulated learner will

eliminate all hypotheses that incorrectly sort that card from their set of remaining
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hypotheses. With a smaller set of hypotheses, the simulated learner should improve

over time, eliminating hypotheses after each card is revealed in its correct place, until

only the correct rule remains. Being able to simulate how learners will play this game

allowed us to compare this modeled performance to how humans actually learned

the same rule, and validate the assumptions made when generating an `optimal' card

order. Note that we are ignoring possible human biases here, such as having a bias

towards rules based on color rather than shape. We compared how simulated learners

and actual human learners performed with a �xed card order and sorting rule in the

following user study as a way to validate our learning model. Note again that we

implemented thesuboptimal learning model for the study, but we used theoptimal

learning model for our post hoc analysis, so our simulated results matched the actual

results more closely.

5.3 A�ective Nonverbal Feedback User Study

The goal of this user study was to determine whether the robot's a�ective feedback

had a positive impact on human learning during this card sorting task. We compared

feedback betweenneutral behavior (no nonverbal reaction to correct/incorrect re-

sponses) andmatching a�ective behavior (happy reaction to correct responses and

sad reaction to incorrect responses). Our hypotheses were as follows:

ˆ H1: Participants will learn the rule better with the matching a�ective robot.

ˆ H2: Participants will have a more positive subjective experience of the game

with the matching a�ective robot (more engaged, lower perceived game di�culty,

higher perceived learning).

ˆ H3: Participants will have a more positive perception of thematching a�ective

robot (higher intelligence and animacy).

5.3.1 A�ective Nonverbal Feedback Study Design

Robot Feedback

We designed two types of nonverbal robot behaviors for this study {neutral and

matching a�ective. The behaviors were implemented using a Gazebo [50] simulation of
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Quori [87]. For the neutral behavior, the robot performed a slight random movement

of its joints. This was also used while the participant was deciding what to do during

the game. We chose to have theneutral robot move and not remain stationary to

still impart some animacy to the robot, so the di�erences we saw would be based

on the matching a�ective behaviors rather than whether the robot was moving at

all. For the matching a�ective behavior, we wanted the robot to display an emotion

that was correlated with the correctness of the participant's guess. We used the

correlations found in Section 5.1 to determine how the robot should move. Speci�cally,

happiness was correlated with backward torso movement and symmetric arm raising,

and sadness was correlated with forward torso movement and slow movement of one

arm forward. We used these results to design nonverbal movements for Quori for

correct (happiness) and incorrect (sadness) answers.

After the participant chose a bin to place the card, the robot turned toward the

correct bin (turning only slightly in the neutral behavior), performed the nonverbal

movement (neutral, happiness, or sadness), displayed text feedback, and returned to

a neutral position. We generated a few slightly di�erent movements for the correct

and incorrect cases to have more variety in the movement options. We also generated

a few slightly di�erent phrases for the displayed text feedback. Some examples of

feedback for correct answers and incorrect answers are:

ˆ Correct: Nice work; Good thinking; Great work

ˆ Incorrect: Hmm, not quite; Maybe think about the pattern in a di�erent way

Figure 5.5 shows example screenshots from feedback videos when the correct bin

is the left bin. The text feedback appears and the robot turns towards the correct bin

(left) in all cases. In theneutral condition, the robot moves slightly and it performs

larger movements in thematching a�ective condition. Text feedback appears in all

cases, so participants would have no confusion as to whether their choice was correct,

and any di�erences in performance would be solely due to the movement of the robot.

Demonstration and Trial Phases

Each round in the study consisted of two phases: the demonstration phase and the

trial phase. In the demonstration phase, participants �rst saw two demonstration

cards, determined by thesuboptimal card order generation method (Section 5.2.2).
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Figure 5.5: Example screenshots of theneutral and matching a�ective conditions
when the correct bin is the left bin.

The participants were told that the robot would demonstrate where the two cards

belonged according to the rule. This gave them a head start in learning the rule and

established the robot as a teacher who would help them learn the rule. They were not

told the di�culty options for the rule or which di�culty they were presented with.

In the trial phase (Figure 5.6), participants dragged a card from the gray staging

area to the bin to which they believed it belonged (they could move it from one bin

to another if they changed their mind). After clicking the \Submit Choice" button,

the robot provided feedback (as discussed above) on their choice through a video,

moved the card to the correct bin if it had been placed incorrectly, and then the

next trial loaded. As the participant played the game, the cards previously seen (in

demonstrations or previous trials) remained visible in the correct bins. This process

repeated for 8 trial cards.
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Figure 5.6: In the trial phase, the participant dragged the card from the gray area to
one of the two bins. After clicking the \Submit Choice" button, the robot provided
feedback on their choice and moved the card to the correct bin, if it was placed
incorrectly.

5.3.2 Experimental Design

This experiment had two independent variables:di�culty (a choice ofeasyand

di�cult ) and feedback (neutral and matching a�ective). Each participant played two

rounds of the game. The participants saw eithereasyor di�cult , and either neutral

or matching a�ective for their �rst round (4 options). They then saw the other rule

and either neutral and matching a�ective for their second round (2 options). This

produced 8 conditions, which were designed to avoid any ordering e�ects. We treated

the two rounds each participant played as independent trials. Theeasyand di�cult

rules (below) were the same for all players.

ˆ Easy: Diamonds on the left, all others on the right

ˆ Di�cult: green-one, red/purple on the left, green-two/three on the right

The easy rule involved one property (shape) and thedi�cult rule involved two

properties, color and number. All players saw a �xed card order for the two rules

(see Figure 5.7 for the speci�c cards shown).

Participants completed a survey at the end of each round consisting of 5-point

Likert questions to evaluate their experience. Game-related questions are listed below

with scales from strongly disagree to strongly agree:

ˆ (Engagement) I enjoyed playing the game
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