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Abstract

The goal of this thesis is to develop computational approaches generating
autonomous social robot behaviors that can interact with multiple people and
dynamically adapt to shape their interactions. Positive interactions between
people impact their wellbeing and are essential to a fulfilled and healthy life.
In this thesis, we coin the term Interaction-Shaping Robotics (ISR) as the
study of robots that shape interactions between other agents, e.g., people,
and capture previous efforts from the Human-Robot Interaction (HRI) com-
munity and emphasize the potential positive or negative, intended or unin-
tended effects of these robots. Previous efforts have explored phenomena that
indicate interaction-shaping capabilities of social robots, however, how to de-
velop autonomous social robots that can adapt to positively shape interactions
between people based on perceived human-human dynamics remains largely
unexplored. In this thesis, we contribute to the technical advancement of so-
cial interaction-shaping robots by developing heuristics and machine learning
methods and demonstrating their effectiveness in studies with real users. We
focus on shaping behaviors, i.e., balancing people’s participation in interac-
tions to foster inclusion among newly-arrived and already present children in
a music game and support adult second language learners and native speak-
ers in a language game. Especially when leveraging learning techniques, an
effective interaction-shaping robot needs to act socially appropriately. We
design heuristics that are appropriate by design and establish the feasibility
of autonomy for interaction-shaping robots through minimal perception of
group dynamics and simple behavior rules. Allowing for learning behaviors
for more complex interactions, we provide a formal definition of the problem
of interaction-shaping and show that using imitation learning (IL) or offline
reinforcement learning (RL) based on previously collected HRI data is feasible
without compromising the interaction. To meet the challenge of acting ap-
propriately, we explore techniques applied prior to deployment when learning
offline from data and shielding - a technique from the safe RL community - to
eventually allow for learning during deployment in interaction. Overall, this
thesis demonstrates the feasibility and promise of computational methods for
autonomous interaction-shaping robots and demonstrates that these methods
generate effective and appropriate robot behavior when balancing participa-
tion to ensure the inclusion of all human group members.

Keywords
Human-robot interaction, social robotics, behavior generation, multiparty in-
teraction, human-human dynamics, machine learning
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Sammanfattning

Malet med denna avhandling &r att utveckla berdkningsbaserade meto-
der for att generera autonoma sociala robotbeteenden som kan interagera
med flera ménniskor och dynamiskt anpassa sig for att forma deras interak-
tioner. Positiva interaktioner mellan ménniskor paverkar deras vélbefinnande
och ar avgorande for ett meningsfullt och hélsosamt liv. I denna avhandling
myntar vi termen "Interaction-Shaping Robotics"(ISR) som studerandet av
robotar som formar interaktioner mellan andra aktorer, t.ex. ménniskor, och
sammanstéaller tidigare studier inom méannisk-robot-interaktion (eng. Human-
Robot Interaction, HRI) samt betonar den potentiella positiva eller negativa,
avsiktliga eller oavsiktliga, inverkan av dessa robotar. Tidigare studier har ut-
forskat fenomen som indikerar pa interaktionsformande formagor hos sociala
robotar, men utvecklandet av autonoma sociala robotar som kan anpassa sig
for att positivt forma interaktioner mellan ménniskor baserat pa observerad
ménniska-till-méanniska dynamik ar fortfarande till stor del outforskat. I den-
na avhandling bidrar vi till den tekniska utvecklingen av sociala interaktions-
formande robotar genom att utveckla heuristiker och maskininlarningsmeto-
der och demonstrera deras effektivitet i studier med anvandare. Vi fokuserar
pa att forma beteenden, d.v.s. balansera manniskors deltagande i interaktioner
for att framja inkludering bland nyanlinda och redan nérvarande barn i ett
musikspel och stoédja vuxna andraspraksinldrare och modersmalstalare i ett
sprakspel. Sérskilt ndr man utnyttjar maskininldrningsmetoder, behéver en
effektiv interaktionsformande robot agera socialt korrekt. Vi designar heuristi-
ker som ar lampliga by design” och faststéller genomforbarheten av autonomi
for interaktionsformande robotar genom minimal perception av gruppdyna-
mik och enkla beteenderegler. Genom att tillata inldrning av beteenden for
mer komplexa interaktioner, tillhandahaller vi en formell definition av proble-
met av interaktionsformande och visar att anvindning av imitationsinldrning
(eng. imitation learning, IL) off-line forstdrkningsinliarning (eng. reinforce-
ment learning, RL), baserat pa tidigare insamlad HRI-data ar genomforbart
utan att kompromissa med interaktionen. Foér att mota utmaningen att agera
korrekt, utforskar vi tekniker som tillimpas innan implementering nir man
lar sig off-line fran data och ”shielding” - en teknik inom séker RL - for att sa
smaningom mojliggéra inlédrning under implementering vid interaktion. Sam-
manfattningsvis visar denna avhandling genomférbarheten och utsikten av
berdkningsbaserade metoder fér autonoma interaktionsformande robotar och
demonstrerar att dessa metoder genererar effektiva och lampliga robotbete-
enden nir de balanserar deltagande for att sdkerstélla inkludering av alla
manskliga gruppmedlemmar.
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Part 1

Overview






Chapter 1

Introduction

"I can’t interrupt them and then I am screwed. So I wait and wait and
wait. So this microphone [robot] will be really good so I could talk to the others®
(Participant W2, 13 years old, upon reflecting on how robots from the literature
could help them interact with other teenagers, Paper D).

Humans are "[...] by nature [..] social animalls] [...]" (Aristotle, Politics) who
thrive through social interactions, relationships, and communication. This hypothe-
sis by Aristotle was heavily debated through the centuries, but more recent research
found that positive interactions between people contribute to feelings of happiness,
security, self-esteem, and pleasure [165, 84], and close and positive relationships be-
tween people were shown essential to living a fulfilled and healthy life 207, 214]. In
cases where relationships between people are negative or nonexistent, people suffer
from social rejection, loneliness, and poorer physical health [93, 191].

We could argue that sustaining positive interactions should be a solely human
task, but striving for positive relationships might be harder for some than others.
For example, people might have to overcome barriers, e.g., relating to inclusion,
power, or skill, that hinder positive human-human interactions, or they may have
to learn effective interaction skills like the teenager in the opening quote above.
Therefore, researchers explore tools, including robots, to influence and enhance in-
teractions and relationships between people [151, 91] and society as a whole [185].
For example, research explores supporting participation during educational col-
laborations [192] through a technique called collaboration scripts [213] or through
digital awareness tools calling attention to the distribution of speech amounts [102].

Focusing on robots as the supporting tool, pioneering prior work from the field
of HRI provides initial evidence that robots can influence people beyond the recip-
rocal interaction between a person and a robot. Robots can influence the in-
teractions between people. We shall refer to these robots as interaction-shaping
robots (Paper A). Robots have been found to improve situations of conflicts [105] by
inviting children to more constructive conflict resolution [184], shape participation
in conversations [140, 139] and discussions [199], and support the process of inclu-
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4 CHAPTER 1. INTRODUCTION

sion in social [143, 142] or work-related environments [194]. These and other prior
works have primarily centered on uncovering the potential of interaction-shaping
robots within distinct contexts and studying empirical, psychological, and cultural
aspects unique to human-human and human-robot interactions.

In this thesis, robots are viewed as a tool or technology that we eventually
want to deploy in the real world. To be effective in real-world interactions, robots
will first need to perceive these human-human interactions and their dynamics. For
example, the robot might need to understand if there is a conflict and what the
source of the conflict is. It might need to perceive if everyone contributes to the
discussion or if someone is dominating it. Works from affective computing but also
HRI, Human-Computer Interaction, and Computer-Supported Collaborative Work
explored how to perceive groups and their dynamics [68], e.g., cohesion [182], dom-
inance [166], or engagement [119]. Secondly, robots will need to act considering
the perceived people and their interactions to have the intended positive impact on
human-human interactions. The HRI community has explored social behaviors that
act on the perception of their interaction partner through heuristics [199], Imitation
Learning (IL) [101], or Reinforcement Learning (RL) [3] exploring the generation of
learning curricula [157], sustaining engagement [168], positioning in groups [212] or
adapting to humor preferences [216]. However, how to close the loop between per-
ceiving human-human interactions and acting to shape these interactions remains
largely unexplored.

This thesis contributes computational approaches to the generation of
autonomous social robot behaviors that can interact with multiple people
and dynamically adapt to human-human dynamics, positively shaping inter-
actions between people. The goal of the proposed computational approaches, i.e.,
heuristics or machine learning methods, is to close the loop between the perceived
dynamics of human-human interactions and effective social robot behaviors to shape
interactions between people. In this sense, this thesis studies generating behavior
as repeatedly performing two steps: 1) sense people and their interactions, and 2)
reason and act upon the observation to positively shape the human-human inter-
action. Based on this goal, this thesis provides contributions toward the following
two research questions:

RQ1 Can autonomous social robots capable of adapting to dynamic groups effec-
tively shape interactions?

RQ2 How can we leverage machine learning methods to learn autonomous social
robot behaviors that aim to shape interactions?

To answer the first research question, we first focus on a specific interaction con-
text in which we expect imbalances to occur that the robot can then mediate - an
interaction between a language learner and a native speaker in a language game. By
leveraging results from previous HRI but also human-human experiments, we build
a dynamically adapting gaze policy that effectively shapes the interaction between



the learner and native speaker, leading to more balanced interactions. Our re-
sults show promise for autonomous interaction-shaping robots for groups of adults.
When we consider groups of children, a robot’s support might be especially impor-
tant when they have newly arrived in a country without command of the language.
We explored how a robot could foster inclusion and collaboration among newly ar-
rived and already present children using a language-free music-mixing game. Our
results suggest that the robot was able to encourage newly arrived children to be
more outgoing and encourage the other children to collaborate more and act more
prosocially when voluntarily giving away stickers. With the goal of moving toward
more complex, real-world interactions, this thesis then uses co-design methods to
explore how teenagers imagine, design, and use a robot to support their group dis-
cussions. Our results show that teenagers use the robot in distinct and fluent ways,
which reflects their development and interactions as a group, further highlighting
the need for robots that perceive and adapt to the dynamics of group interactions.

Exploring the second research question, this thesis proposes an approach to
learning online in interactions despite the need for exploration. Exploration, nec-
essary when learning online, might lead to inappropriate behaviors. Therefore, we
explore the use of shields - a method from the safe RL community - to guide the
robot when learning online. To create the shields, we rely on a human-human
dataset and a notion of appropriateness that does not indicate an immediate need
to act. Therefore, this thesis proposes to use offline methods based on HRI datasets.
We use offline RL or IL to learn behaviors that use gaze to balance participation.
As offline methods allow us to inspect the behavior before deployment, we analyze
the learned behavior policies for their appropriateness. Even though the learned
policies did not improve over the heuristic baselines, they show that learning ap-
proaches for interaction-shaping robotics might be feasible without compromising
the interaction.

In summary, this thesis contributes computational approaches in the form
of heuristics and machine learning methods to shape interactions between hu-
mans, specifically when balancing participation. By studying the contributed
approaches in HRI with human participants, this thesis further contributes a
deeper understanding on how robots can balance participation, i.e., to foster in-
clusion or encourage equal contributions during language learning. Adding a theo-
retical perspective, this work also coins the term Interaction-Shaping Robotics as
the study of robots that shape interactions between other agents, shedding light not
only on computational challenges but also methodological and ethical challenges.
As such, this thesis contributes to the technical, user studies, and theoretical per-
spectives of HRI to develop robots that encourage and support the flourishing of
human-human interactions.



6 CHAPTER 1. INTRODUCTION

1.1 Thesis outline

The following chapters will first provide the background literature covering two
perspectives. First, aspects of human communication and group dynamics will be
explained before moving on to the computational perspective describing the foun-
dations of reinforcement and imitation learning (Chapter 2). Then, Chapter 3 will
provide an overview of related work concerning multiparty HRI, robots interacting
in and influencing groups of people, and computational approaches to generating
robot behavior. This thesis’ contributions will be summarized and briefly detailed
in Chapter 4. Lastly, Chapter 5 will discuss the findings and implications of the
contributions made in this thesis, interaction-shaping robotics in general, and re-
spective limitations. Chapter 6 will conclude this thesis.



Chapter 2

Background

Social robots are at the core of this thesis and researchers have put forward a variety
of definitions that explain what a social robot is [15, 27, 58, 88]. This thesis agrees
with the definition by Bartneck and Forlizzi [15], which refers to social robots as
an “autonomous or semi-autonomous robot that interacts and communicates with
humans by following the behavioral norms expected by the people with whom
the robot is intended to interact.” Social robots communicating with people and
following behavioral norms is certainly the goal of this research; however, in the
process of researching methods and techniques that fulfill this goal, we lower the
assumption on the definition by following the definition by [88] that defines a social
robot as a physically embodied robot that has a social interface to interact and
communicate with people.

The remainder of this chapter will first discuss in Section 2.1 how humans
communicate, specifically, non-verbal elements of speech, such as eye gaze and
backchanneling. Then, Section 2.2 provides a brief overview of research concern-
ing human groups and which factors might influence the group dynamics. Lastly,
techniques that generate behavior, such as heuristics, reinforcement learning, and
imitation learning, are discussed in Section 2.3.

2.1 Communicative behavior

Robots can use different communication modalities and forms to interact with peo-
ple. This section briefly reviews communication in human-human interactions,
focusing on forms of communication relevant to the work in this thesis, i.e., eye
gaze and backchanneling behavior.

Eye gaze

People are generally sensitive to others’ eye gaze. For example, seeing someone’s
eyes gazing in one direction leads to a rapid attention shift toward the direction

7



8 CHAPTER 2. BACKGROUND

of the gaze, even if the eyes are in a still photograph [115, 64]. This reflex has
further been found to be hard to control. When participants were told to look in
the opposite direction, they still first reacted to looking in the direction of the gaze
before gazing at the requested location with a delay [48, 47, 63].

People use gaze and the observation of other people’s gaze in a variety of com-
municative behaviors such as when coordinating conversations [109], speech [11] or
attention [64]. In conversations, gaze supports turn-taking and manages who holds
the floor [108]. The speaker typically looks away at the beginning of an utterance to
claim the turn, and looking away during a pause indicates that the speaker intends
to hold the floor [108]. To coordinate a turn exchange, the first speaker typically
looks toward the other person and establishes a momentary mutual gaze before the
other then averts their gaze to begin their turn [145].

When people are gazed at, they generally feel attended to but might also feel
uncomfortable from being observed [11]. Research further found that being gazed
at improves learning results in college students [30] and even increases the recall
when the gaze was directed through a camera in a video conversation [66].

Part of behaviors involving gazing at people is averting the gaze. For example,
gaze aversion has been found to imply cognitive processing in conversations [72]
and, when used by a speaker, could imply the speaker is deeply thinking about the
words being used [11].

Backchanneling

One aspect of human-human communication is actively listening while the other
talks. One aspect of listening behavior are Backchannels (BC)- short vocal or
non-vocal expressions not interrupting the current speaker’s turn [80]. BCs are
portrayed through body language, such as head nods, smiles, and short vocaliza-
tions (“uh-huh’, ’hmm’). BCs play an important conversational role, by signaling
attentiveness or emotion to a speaker. Backchanneling has also been found to
impact the perceived personality and rapport building [24, 96].

Backchanneling occurs in Backchanneling Opportunity Points (BOP) [75], some-
times also called backchanneling relevant spaces. Previous work indicates that, on
average, there are 3.5 times more BOPs than actual backchannels [89]. In addition,
recent research has shown that backchanneling behavior is idiosyncratic [25], i.e.,
it is peculiar to an individual, differing significantly between people.

This recent finding is in line with previous work, which showed that BC behavior
is correlated with the personality of the listener [95], and adjacent factors such
as status or dominance also influence the amount of backchanneling [171, 133].
Further, participants identifying as female backchanneled more than participants
identifying as male [20, 171, 172]. Interestingly, female and male observers might
also interpret the function of backchannels in different ways [135]. In the study’s
specific context, females tended to associate backchannels with interest, whereas
males interpreted them as a sign of uncertainty.
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2.2 Groups and group dynamics

This thesis views groups as “two or more individuals who are connected by and
within social relationships”[59] and “influence one another in such a manner that
each person influences and is influenced by each other person”[183]. Whereas this
thesis defines two people as the minimal number of human members of a group, it
acknowledges the robot as a third group member. The minimal number of three
agents in a group aligns with other research that argues for a minimal number of
three for forming a group [217]. Overall, this thesis often refers to human-human
interactions and dynamics instead of groups to differentiate between the robot’s
role in the group and its goal - to shape the interaction between the human group
members.

Groups may engage in conversations in which group members may be partic-
ipants [37]. Participants in a conversation can take different roles [73]. Essential
for each conversation are the “speaker” and “addressee” [37]. Other “ratified par-
ticipants” [73] are called “side participants” in a conversation. For example, other
group members generally part in the interaction but not in the current conversa-
tional exchange can be called side participants. In addition, the literature considers
overhearers and differentiates between two types of overhearers. Bystanders [37,
73] are “non-participants” [37] acknowledged by the speaker but do not take part
in the conversations. Eavesdroppers are all other listeners, e.g., out of sight or oth-
erwise not acknowledged by the speaker [73]. The different roles people take and
how they shift during a conversation are important for understanding spoken in-
teractions [82]. Further, the different listener roles influence how the speaker gazes
toward them [140], e.g., gazing more at the addressee than a side participant.

In addition, an important distinction is often made between groups and teams.
While groups are a broader term with a minimal definition as above, teams are
groups that share a goal or task and work together to produce a product, a service,
or a decision [81, 76]. The success, i.e., team performance, is, according to the
Input-Process-Output (IPO) Model, dependent on inputs and processes. Inputs
are defined by individual-level factors such as personality, team-level factors, i.e.,
diversity and group size, and contextual and environmental factors. Processes are
concerned with sustaining interdependence, coordinating the interaction, setting
and monitoring goals, adapting structures, maintaining cohesion, and resolving
conflicts. In addition to performance, the IPO also considers outputs on the team
level, such as improved procedures and member-level outcomes, e.g., satisfaction or
personal development [59].

As the definition above indicates, group phenomena that emerge when groups
interact are subject to group social influence. For example conformity [43] means
agreeing to the majority view in a group. Minority influence discusses the power
of the few[132]. Power and social status concern the difference between members
in their capacity to influence the others [62, 18]. Leadership studies the guidance
of group members to achieve individual or collective goals [94].

Group phenomena also relate to feelings of inclusion and identity. Specifically,
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group researchers argue that humans have a need to belong [16] and that group
members help each other to avoid social and emotional loneliness. When group
members get deliberately excluded from a group, this process is referred to as
ostracism. Researchers found that ostracism is stressful for people and results in
anger and sadness [218]. On the other hand, college students reported being less
lonely if they were part of a cohesive group [12], and generally, people were found to
be healthier and happier if they belonged to groups [83], e.g, service organizations
or social clubs, with an increase in effect if people belonged to multiple groups [160].

A phenomenon that does not necessarily arise from but might influence small
group interactions is ingroup-favoritism. Ingroup-favoritism has been phrased by
the findings that people tend to act more favorably toward ingroup members than
outgroup members [29, 198]. The formation of groups inevitably leads to processes
between groups - intergroup processes. When intergroup effects concern biases,
these effects are described as the natural favoring of one’s own group (ingroup) over
other groups (outgroup). This ingroup-outgroup bias then affects the perception of
and behaviors toward the outgroup [59] with people acting more favorably toward
the ingroup than the outgroup [29, 198]. To overcome those ingroup-outgroup bi-
ases, the literature proposes the contact hypothesis that suggests that relationships
between groups can be improved through positive contact in a joint interaction [6,
220).

To study groups and their dynamics, social science literature frequently focuses
on [1]: Ingroup identification, the individuals’ perception of themselves as members
of the group [13, 117]; cohesion, the inside perspective on the forces that keeps the
group as a group [44]; and entitativity, the outside perception of the groupness of
a social group [32].

This thesis builds upon those prior works, laying the foundation for understand-
ing and studying groups by drawing from the described phenomena, e.g., intergroup
processes, to understand the specific dynamics of the context the robot is deployed
in and focus the robot’s perception and action system on aspects of the group that
seem relevant to the phenomena and measurable dynamics.

2.3 Methods for generating social robot behavior

This thesis contributes heuristics and machine learning methods to generate social
robot behavior. Therefore, this section defines terminology around heuristics and
presents the foundations for Reinforcement Learning (RL) and Imitation Learning
(IL).

Heuristics

The term heuristic, as used in the HRI community, typically refers to a method or
algorithm that generates social robot behavior based on a set of rules, e.g., when
the person who we assigned to the outgroup contributes verbally, praise this person
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Figure 2.1: Visualization of the general RL problem adapted to the context of this thesis
where the agent is a social robot and the environment is characterized by the interactions
between people and the robot.

[194]. These heuristics are typically hand-crafted based on expert knowledge [193]
or result from observing and analyzing data from human-human interactions [215].

Reinforcement Learning (RL)

RL provides a framework for solving sequential decision-making problems in which
actions influence the environment in the immediate moment and subsequent mo-
ments typically formalized as a Markov Decision Process (MDP). In the following,
this thesis will explain the formalization of RL as put forward by Sutton and Barto
[196]. As visualized in Figure 2.1, the MDP is formed by the agent, the learner and
decision maker, and the environment it interacts with. In addition, the environ-
ment provides a reward corresponding to the value the agent wants to maximize
over the time it interacts with the environment. The agent might influence the
reward it receives through the action it takes.

The agent perceives the environment in each discrete time step, t =0,1,2.., as
state s; € S to select the best action a; € A. Once the action is executed, the altered
environment provides the next state s¢41 and a reward r¢41 € R. The environment’s
dynamics further describe a state-transition function p : § x § x A — [0,1] as
p(8’|s, a) which describes the probability that the environment is in state s’ at time
step ¢t + 1 if it was in state s in time step ¢ and the robot executed action a. In
most social HRI contexts, p(s’|s, a) is treated as unknown due to the complexity of
human-human interactions, and model-free RL methods are used.

To select the best action, the agent uses a policy 7(a|s), which provides the prob-
ability that the current optimal agent would take action a in state s. Many RL
algorithms are value-based, which means they approximate a value function v, (s) or
Q-function ¢, (s, a) when acting according to policy 7(a|s). The value and Q func-
tion capture the expected discounted sum of future rewards the agent can expect.
The discount factor v defines the importance of future rewards. If v = 0, the agent
is considered myopic and only concerned with maximizing the immediate rewards.
The Q-function is then defined as ¢, (s,a) = E, [Z;‘;O Yorivrri1 | 8¢ = s,ar = al.
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RL algorithms change the policy 7 based on the experience the agent collects in
the environment to eventually provide a policy 7 that reflects optimal behavior, i.e.,
maximizes future rewards. As a consequence, the agent has to collect experiences
in its environment. One challenge of RL is the trade-off between exploration and
exploitation. The agent needs to exploit the knowledge it already has to collect
rewards, however, it also needs to explore to find potential higher reward. Overall,
an RL agent cannot succeed at the task without doing both - exploration and
exploitation.

When the RL algorithms exploit the collected knowledge, we can assume that
the policy 7 will always take the optimal action; hence, the Bellman equation
describing the optimal q function is defined as ¢* = E[ry11 + v maxq*(si41,a’)|ss =
s,ar = al.

To avoid catastrophic failures during learning, research has suggested to use safe
RL methods [67] or offline RL [114].

Research interested in offline RL or batch RL comprises RL algorithms and
techniques that learn a policy 7 from an existing batch of data without the need
to collect new data for training. One challenge of offline RL is to ensure that
the policy stays within the state and actions explored in the dataset and avoids
visiting unseen state action pairs for which the optimal behavior cannot be defined
from the dataset. One way to meet this challenge is to restrict the update via the
Bellmann equation to only consider state-action pairs in the dataset B: gj(s¢, at) =

Elresr + 7o tIFS}Z/)EBq*(S/a a’)ls¢ = s,a; = a] [65].

Safe RL works consider methods that ensure system performance while respect-
ing safety constraints during learning and/or deployment. One approach to safe
RL is to modify the optimality criterion by adding a safety factor. Other methods
alter the exploration process [67], for example, through shielding. Methods that
use shielding restrict the action space A to a safe set Agaze(s) := U(s) C A either
by providing only the list of safe actions to the robot before selecting the optimal
action or by stopping the execution of unsafe actions not in the safe action set

Asafe (S) .

Imitation Learning (IL)

IL comprises techniques and algorithms that mimic human behavior in a task pre-
viously demonstrated by the human. IL uses the same definition of the MDP above
without the reward r;. Formally, the goal of IL is then to learn a policy 7(s,a)
that follows these demonstrations as closely as possible by mapping observations
to actions through a function f defined as f(s) — a with s € S and a € A. This
bare form of IL is also known as behavioral cloning. To learn the direct mapping as
function f, techniques used for classification tasks can be used for discrete action
spaces or regression for continuous action spaces.



Chapter 3

Related work

The work in this thesis builds upon two research areas: 1) multiparty human-robot
interaction, i.e., robots interacting in groups and their effects on human-human
dynamics, and 2) computational approaches to generating social robot behavior.
In the following, related work from these two areas is discussed and briefly related
to the contributions of this thesis.

3.1 Multiparty human-robot interaction and effects on
human-human dynamics

Within recent years, the study of multiparty human-robot interaction has been
established as an essential area in HRI [103, 180, 178]. Works in this area have
considered robots encountering multiple people in office buildings [26, 86], robots
in public places such as museums [202, 144, 55, 189], train stations [87], airports
[205], or shopping centers [60, 137] as well as in hospitals [138], hotels [36], schools
or care centers for children [106, 107, 221, 118]. Of specific interest to this thesis
are works that consider collocated small group interactions which comprise group
interactions that occur in the same physical space often focused on a shared task,
for example, in collaborative tasks [105, 40, 104], dancing [98] or learning [50, 122,
174,79, 131, 173] together, in multiparty games [211, 209, 186, 42, 148], or engaging
through conversations [140, 129, 210, 204, 163].

Related work that studies the effects of robots being part of the ingroup or
outgroup [111] is important when studying collocated groups with the robot being
introduced as a group member or facilitator (see Table 3.1). For example, introduc-
ing the robot as ingroup versus outgroup increased the positive perception of the
robot [112] and can lead to developing ingroup favoritism for robots over humans as
people prefer ingroup robots over outgroup humans [61]. Social categorization has
been found as one factor that influences the perception of the robot as ingroup [56].

Specifically, when humans and robots partner in teams against another human-
robot team, robot behaviors affect how people perceive and behave towards robots.

13
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Socio-emotional support and gaze behaviors exhibited by people were shown to de-
pend on the orientation goals of a robot (competitive versus cooperative) in a game
[150]. Further, the levels of warmth and comfort a robot might express can influence
feelings, perceptions, and future intent to work with the robot [149]. In contexts in
which group identification, group trust, and likeability of the robot are important,
it was found that a robot expressing group-based emotions is favorable [41, §].

Robots shaping human-human interactions

In [71] (Paper A), we discuss five key factors we observed as unique in the literature
covering robots that shape interactions between other agents: 1) the role of the
robot in the group, 2) the robot-shaping outcome, 3) the form of robot influence,
4) the type of robot communication, and 5) the timeline of robot influence on the
interaction(s). Table 3.1 describes these key factors and the underlying categories.
The related work below is discussed along two factors most relevant for this thesis
— type of robot communication and form of robot influence — resulting in a 2x2
consideration of works with the two categories each, i.e., explicit influence and
verbal or non-verbal communication, and implicit influence and verbal or non-verbal
communication.

Explicit influence

When a robot shapes interactions explicitly through verbal communication, it of-
ten uses language to directly comment on aspects of the group interaction it wants
to shape. For example, robots have been used as mediators in conflict situations.
The robot could promote more constructive conflict-solving behavior in case of ob-
ject possession conflicts among children by explicitly guiding the children through
resolution strategies [184]. In another example, a robot called out inappropriate
behavior, i.e., interpersonal violations, displayed by a confederate toward one of
the other group members [105]. This explicit calling on the conflict led to a height-
ened perception of the conflict, which offered opportunities to resolve the conflict.
Shamekhi et al. [181] showed how a robot could act as a facilitator and improve
human-human meetings. As one aspect of meeting facilitation, they explored asking
the passive participants about their opinions before accepting the group’s decision.

Other opportunities for explicit influence through verbal means are given when
robots act as facilitators in group interactions with the purpose of building positive
interactions such as peer support groups [21] or therapy for romantic couples [206].

Combining verbal and non-verbal multimodal behaviors, robots were found ef-
fective when balancing participation through calling out the name, using lights and
movement with a directive strategy among mixed groups of normal-sighted and
visually impaired children [141]. However, children felt more heard by their peers
when the robot used a more organic way of encouraging participation.
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ISR Factor Category Description
Guiding The robot leads and directly mediates the
Role of the Facilitator interaction between the agents.
Robot Peripheral The robot is present and active, but is not
Facilitator directly involved in the interaction.
Peer Group The robot acts as a peer relative to the
Member agents.
Specialized The robot adopts a special role as a group
Group Member | member relative to the agents.
Robot-Shaping | Cognitive The shaping outcome is measurable in
Outcome changes in cognitive attitudes and thoughts
(e.g., interpersonal evaluation, feelings, in-
tentions).
Behavioral The shaping outcome is measurable as a

change in behavior (e.g., spatial reposition-
ing, amount of speaking, gazing).

Form of Robot
Influence

Explicit Robot
Influence

Implicit Robot

The robot addresses aspects of the interac-
tion explicitly through clear and exact com-
munication, directly prompting or request-
ing a change in the interaction (e.g. calls a
conflict out and asks for resolving it).

The robot implicitly addresses aspects of

Influence the interaction that could lead to a change

in the interaction among the other agents.
Type of Robot | Verbal The robot uses verbal natural language to
Communication shape the interaction.

Non-Verbal The robot uses non-verbal behavior (e.g.,
gestures, gaze, movement, resource distri-
bution) to shape the interaction.

Timeline of Immediate The robot’s behavior immediately shapes
Robot Influence the interaction between the agents.
Influence

Long-Lasting
Influence

The robot’s behavior shapes the interac-
tion between the agents after the robot’s
interaction-shaping behavior has concluded
(e.g., the following day).

Table 3.1: Key factors of interaction-shaping robots that distinctly identify mechanisms
that allow robots to shape interactions. See Section 3.1 for examples.
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Non-verbal behaviors might generally be understood as implicit. However, the
robot Micbot, a microphone that turned to a participant to encourage speaking,
could be seen as explicit prompting [199]. The study showed that turning toward
the least active every now and then can balance. As such, this thesis builds upon
this pioneering work by using the concept of ’'least active’ and encouraging them
to participate through different robot behaviors, i.e., non-verbal prompts through
gaze (Paper B) and whole body movement (Paper C).

Implicit influence

Related work has shown that robot behaviors might implicitly influence how other
group members interact with each other. For example, making vulnerable expres-
sions, e.g., "Sorry guys, I made the mistake this round", a robot was found to
cause a ripple effect in a team of three humans and the robot that led to more
trust-related behaviors [195] and improved conversational dynamics [204] within
the group. Further work explored how the robot as a fourth participant might
improve conversation dynamics by harmonizing engagement density through ac-
tively intervening in the conversation [126]. Among children, the reliability of a
robot’s task-related verbal statements was found to, in turn, influence social dy-
namics among children [35], i.e., children had more task-related interactions when
the robot was unreliable. Interestingly, a robot that aimed to improve the social
dynamics through relation-reinforcing utterances influenced the perception of team
performance when compared to task-reinforcing utterances.

A larger body of work studied the implicit influence exhibited through non-
verbal behaviors. For example, a non-anthropomorphic robot [90] used as a pe-
ripheral facilitator in a human-human interaction could improve interpersonal in-
teractions and emotional support [167, 53]. Further, a robot’s gaze behaviors were
found to influence people’s conversational roles [140, 139] as main addressee and
bystander and influence who takes the turn [190, 187].

In a different line of work, Claure et al. explored the effect of a robot’s fair
or unfair allocation of blocks between human group members in a block stacking
task [104]. The results indicate that generally perceived fairness is not influenced
by the robot’s unfair, performance-based allocation behavior [38] but influences the
perception of dominance between group members [39]

Whereas previously mentioned related work focused on reporting positive ef-
fects, there have also been efforts to reveal which negative effects robots could have
on interactions. For example, in a scenario where only one team member could ask
a robot for information, that team member experienced a greater sense of exclu-
sion from the human members of their group [194]. If the robot then supported
this outgroup member through verbal encouragement or praise, their verbal parti-
cipation increased. However, the robot’s verbal support for the outgroup member
decreased otherwise important backchannel feedback from the other human group
members [179]. Similarly, in a group with a parent, a toddler, and a robot, more
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robot scaffolding led to less parent scaffolding, i.e., the interaction between parent
and toddler was reduced [78].

Another line of work explored how two non-anthropomorphic robots excluding
a participant in a ball tossing game could induce feelings of ostracism in people [52]
and influence how participants behaved in a subsequent human-human interaction
[61]. Participants were found to sit closer to the participant, implying a greater
need to belong, after they were excluded by the robots.

3.2 Computational approaches to generating social robot
behaviors

Computational HRI [200] as a subfield of HRI explores perceiving humans, their
activities, intentions, and behaviors, generating communicative behaviors and af-
fect and emotion in robots or navigation behaviors. In addition, computational
HRI is concerned with learning efficiently from human teachers. The work in this
thesis could be understood as generating communicative behaviors. Therefore, the
following discussion of related work will mostly include works on generating com-
municative social robot behavior. In addition, the discussion focuses on works that
use imitation learning or reinforcement learning or generate social behavior that
affects, in turn, human behavior.

Imitation learning in HRI

Imitation learning, sometimes referred to as learning from demonstration in robotics
[10, 19], has been used to generate robot behaviors for various human-robot interac-
tion contexts. For example, IL has been used to learn robot behaviors from expert
human demonstrations, such as through kinesthetic teaching of manipulation skills
[4, 134] or modeling dyadic human-robot interactions for robot navigation [177,
197].

When generating communicative behaviors, IL approaches often use human-
human interaction datasets [152]. For example, crowd-sourcing in online games or
virtual worlds has been used to train behaviors for virtual agents or robots in social
settings [155, 154, 28, 146]. Using specifically collected human-human interaction
datasets, related work explored the generation of behavior for shopkeeper robots
[45] or travel agents [46], e.g., for deciding when to take the turn [188, 49].

IL is commonly used to generate non-verbal behavior, for example, in tutoring
interactions [2]. Other related work focused on generating gestures [113, 153] or non-
verbal listening feedback, i.e., backchannels [147]. Deep learning techniques have
been used to generate listening behaviors, e.g., with the help of Recurrent Neural
Network (RNN) models, which capture the temporal dependencies of continuous
signals [158]. Prior work explored Long-Short Term Memory (LSTM) layers with
audio signals and word history [175] or used LSTM and multimodal input [136]
combined with data augmentation method to improve backchannel predictions.
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Reinforcement learning in HRI

Significant research on RL was applied to HRI [3, 123]. Related work explored
different RL techniques such as multi-armed bandits [170, 169, 121] or value-based
approaches learning the value function @ via different algorithms, e.g., SARSA [74],
MAXQI34] or offline RL [97], using deep networks [162, 161] or simpler forms of
value-function representations, e.g., look-up tables [74].

One challenge when using RL is that the robot needs to balance exploration
and exploitation when interacting with the environment to collect rewards (see
Chapter 2.3 for a more detailed discussion). To avoid catastrophic failures during
exploration, safe RL methods emerged and have been applied to HRI. For example,
related work explored how human experts who are actively involved at different
stages of the training process could avert catastrophic actions. The concept of
shielding [7] is one approach for safe RL and originally used linear temporal logic to
implement high-level constraints for providing the agent with a set of safe actions.
In HRI, the application of shields was used for discrete state and action spaces,
like in cooking tasks for action modification through crowd sourcing [208], and to
continuous state and action spaces for social navigation [124]. This thesis proposed
to use shields to ensure socially appropriate behavior when learning backchanneling
behavior (Paper E).

Through RL, HRI researchers develop novel forms of learning navigation or
manipulation skills, for example through socially-guided machine learning [201] or
preference learning [176, 92|, focus on acquiring assistive social skills, e.g., to choose
healthy nutritional drinks [170] or create reading [157] or letter learning curricula
[9]. Other research focuses on using RL for learning social interaction skills, e.g.,
maintaining engagement [97, 33], or personalizing motivational strategies [74]. The
remainder of this section will focus on methods for learning socially assistive and
social interaction skills, which are the most relevant to this thesis.

RL has been used to personalize robot behavior to an interaction partner. For
instance, Mitsunaga et al. [130] explored adaptive behavior to increase personal
comfort based on human body signals. RL can also be used to adapt a robot’s
empathy [120], humor [216] and language [168] to comfort, provide entertainment,
and improve learning outcomes [74]. Other work explored online RL to learn a
policy for a humanoid robot to interact with bypassing strangers [162].

Most prior work in applying RL to HRI has been geared towards one-on-one
interaction settings, except for work in robot navigation, which involves multi-
party interactions by design [127]. Prior literature has also shown how to learn
appropriate gaze behaviors when interacting in groups [212, 116]. This thesis builds
upon those prior works using RL and IL in multiparty interactions but explores
learning assistive social skills to improve interactions among adult second language
learners and native speakers (Paper F).



Chapter 4

Computational approaches to
interaction-shaping robotics

This chapter summarizes the contributed works that aim to develop autonomous
social robots that are capable of interacting with multiple people and can dynam-
ically adapt to human-human dynamics, positively shaping interactions between
people in light of the two research questions:

RQ1 Can autonomous social robots capable of adapting to dynamic groups effec-
tively shape interactions?

RQ2 How can we leverage machine learning methods to learn autonomous social
robot behaviors that aim to shape interactions?

This chapter starts with providing a more in-depth definition and consideration of
interaction-shaping robotics (Paper A) and with a formalization of the problem of
interaction-shaping robot behavior as an MDP. The MDP captures people and their
interactions as states and assumes actions that the robot can use to shape these
interactions. This thesis then aims to demonstrate the effectiveness of autonomous,
adapting, interaction-shaping robots using minimal perception and behavior heuris-
tics. Section 4.3 first discusses the use of gaze to mediate participation imbalance in
groups of adults (Paper B) before exploring the use of non-anthropomorphic robots
to foster inclusion among children in a music game (Paper C). Lastly, this sec-
tion explores what is needed for complex real-world interactions while co-designing
interaction-shaping robots with teenagers. Section 4.4 then discusses how we could
use online and offline learning to overcome the limitations of handcrafting behavior
for learning social robot behaviors. The section first highlights how human-human
datasets, in combination with methods from the safeRL community, could be used
to allow for learning online, i.e., learning in interactions (Paper E). Lastly, this
chapter discusses the use of offline learning methods, i.e., offline RL and IL, and
explores the suitability of these methods for deploying socially appropriate robot
behaviors that shape interactions among people (Paper F).

19
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Figure 4.1: This schematic visualizes the interactions within a group of an interaction-
shaping robot and two other agents. Blue-dashed arrows and black-dotted arrows show
the interactions that are traditionally studied in the HRI community. Green solid arrows
represent the interaction that is shaped by the robot, and we suggest is unique to ISR.
Image source: Paper A [71]

4.1 Interaction-shaping robotics

At the core of this thesis is the notion of interaction-shaping robotics (ISR)
which proposes a new subfield to HRI. ISR concerns the study of robots that shape
interactions between other agents, e.g., between people, or between people and
robots. Figure 4.1 visualizes the effects and phenomena traditionally studied in
the HRI community through blue-dashed and black-dotted arrows. Green solid
arrows capture the interaction between other agents that ISR is uniquely focusing
on. For example, a robot might make a vulnerable statement by admitting its
mistake in a game, which was found to ripple through the group and led to group
members themselves making more vulnerable statements. The goal of this work
and proposal of a new subfield to HRI was to provide an umbrella term that can
align the terminology the community uses for works in this research area and to
highlight the need for more works concerning ISR.

Based on prior related work capturing ISR scenarios, we identified five key fac-
tors that describe distinct methods used when interaction-shaping robots influence
interactions between other agents: the role of the robot, the robot-shaping outcome,
the form of robot influence, the type of robot communication, and the timeline of
the robot’s influence. As such, these factors serve to deepen our understanding
of the different ways interaction-shaping robots can shape these interactions. An
overview of the key factors is given in Table 3.1, and two key factors are discussed
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Figure 4.2: Overview of the three interaction-shaping group compositions. Interaction-
shaping robot(s) are marked with a green ellipse and shape the interactions among the
remainder of agents. Image source: Paper A [71]

in Chapter 3.1.

Interaction-shaping robots might interact with other agents in a variety of dif-
ferent group compositions that might offer unique opportunities for these robots
to have an impact. We propose three distinct compositions visualized in Figure
4.2. The first composition describes a group interaction as typically studied in
this thesis. One robot shapes the interactions between two or more humans. In
addition to the work in this thesis, this group composition has so far received the
most attention in the community with studies capturing interaction-shaping effects
among children [35], adults [195] and families [78]. Robots that shape interactions
within a mixed group of humans and robots are studied in the second group com-
position. In this composition, a robot might, for example, share information about
another robot’s capabilities with the human, e.g., ’It cannot hear you but see you’
which then clearly would affect how the robot and human interact with each other.
The broadest scenario is captured in the third group composition in which multiple
robots shape interaction among multiple others which could be groups of people or
mixed groups of people and robots. Interesting applications for this scenario have
studied how swarms of robots might help the sharing of opinions among people [5].

In addition to reviewing the literature and showing opportunities to study the
impact of interaction-shaping, we highlight computational, methodological, and
ethical challenges. Ethical challenges discuss the positive impact of functioning
interactions and relationships in light of the robot’s conduct, such as nudging and
deception, and the risk that biased robot behavior might entail. A more in-depth
discussion is also provided at the end of this thesis in Chapter 5. We further argue
and discuss the need for computational advances in line with the contributions and
discussions in this thesis. Specifically, we argue that we need to advance computa-
tional aspects to achieve more robust interaction-shaping behavior that can account
for unexpected human behaviors and evolving groups. Methodological works that
concern ISR scenarios have yet to develop comparable study setups and measures
and contribute datasets for computational approaches.
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In summary, this work highlights the potential impact of social robots support-
ing people and their interactions and which design elements and study setups might
be interesting to explore further. However, we also discuss that we can only achieve
this impact if we carefully consider the methodologies used to arrive at our scientific
conclusions, the maturity of the technology allowing for these robots to be deployed
in the wild, in the places they might provide impact and the ethical concerns that
will need to be considered.

Paper A: Interaction-shaping Robotics: Robots That Influence
Interactions between Other Agents

Sarah Gillet, Marynel Vazquez, Sean Andrist, Iolanda Leite, Sarah Sebo.
In ACM Transactions on Human-Robot Interaction, Vol. 18, No. 1, 202/

Abstract: Work in Human-Robot Interaction (HRI) has investigated interactions
between one human and one robot as well as human-robot group interactions. Yet,
the field lacks a clear definition and understanding of the influence a robot can
exert on interactions between other group members (e.g., human-to-human). In
this paper, we define Interaction-Shaping Robotics (ISR), a subfield of HRI that
investigates robots that influence the behaviors and attitudes exchanged between
two (or more) other agents. We highlight key factors of Interaction-Shaping Robots
that include the role of the robot, the robot-shaping outcome, the form of robot in-
fluence, the type of robot communication, and the timeline of the robot’s influence.
We also describe three distinct structures of human-robot groups to highlight the
potential of ISR in different group compositions and discuss targets for a robot’s
interaction-shaping behavior. Finally, we propose areas of opportunity and chal-
lenges for future research in ISR.

Contributions by the author: SG initiated and led the collaboration among SG,
MV, SA, IL and SS, and developed the initial suggestion for the key factors in close
collaboration with SS. The final key factors were developed collaboratively among
all authors. All authors contributed to the paper writing, SG took the lead on the
section on ethical challenges, the introduction and description of key factors and
further contributed to all other sections of the paper. All other authors contributed
actively writing parts of the paper and giving feedback for revisions.

4.2 Formal problem definition

We define the problem of shaping interactions among people as an MDP. We define
the set of states s € S capturing the human-human interaction, a set of actions
a € A that aim to shape this interaction. and the transition function T,(s,s’)
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describes how state s transitions into state s’ as a result of action a. However, in
this thesis, we treat T, (s, s’) as unknown. The reward (s, a) in the MDP captures
how the interaction improves, e.g. more balance in participation, as a reaction to
the robot executing action a in state s. The reward r(s,a) shall be larger/smaller
if the interaction of the group is closer/more distant from the desired interaction.
The robot’s overall goal is then to maximize the reward over an interaction. Note
that we will use imitation learning in parts of this thesis which does not rely on the
reward. The robot shall then use a policy 7(s) — a that indicates which action a
to take in a given state s. When building on heuristics 7(s) + a is handcrafted.
However, in a learning setting, the robot will optimize for w(s) — a to either
maximize the reward in an RL setting or to follow the demonstrations as closely as
possible in an IL context.

As one example for shaping interactions, this thesis explores balancing partici-
pation using a notion of participation unevenness. Participation unevenness [199]
describes the distance between ideal equal participation and the actual distribution
of participation. Formally, unevenness is defined as:

uneven, = Z |sp’ — 5p| (4.1)
i€[0,..,|P|)

with sp’ representing the amount of time that participant ¢ has spoken over the total
amount of speech of all human interactants. The term Sp in eq. (4.1) corresponds to
the mean of the relative speech time of all humans. That is, Sp = % Zie[O,..,\Pl) sp.

Based on the definition of unevenness, we can define the measure of balance for
a group ¢ as a normalized variant of unevenness:

bal, = 1 — uneven,/max(uneven,) (4.2)

4.3 Autonomous interaction-shaping robots - Effects and
necessary features

This thesis firstly explores if interaction-shaping robots that autonomously adapt
to the group and their dynamics can effectively shape interactions (Papers B and
C). In addition, this thesis leverages co-design methods and human demonstrations
to shed light on the crucial elements for autonomy that interaction-shaping robots
should have to be meaningful to the target user group — teenagers (Paper D).

Mediating participation imbalance among people with different
skill levels

To demonstrate the effectiveness of autonomous interaction-shaping robots, we ex-
plore how a robot’s gaze behavior autonomously adapting to the perceived par-
ticipation behavior in the group is effective when mediating an imbalance in the

group.
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7

-
Figure 4.3: The interaction between the language learner (left), the native speaker (right)

and the robot Furhat (middle). The two human group members describe words indicated
on the tablet which the robot then has to guess.

We chose gaze as the shaping robot behavior because previous research found
that 60-65% of human communication is non-verbal [31] which stresses the impor-
tance and potential for non-verbal behaviors such as gaze. In addition, pioneering
work by Mutlu et al. [140, 139] demonstrated that participation roles in conver-
sations (see 2 for a definition of different roles) can be shaped through human-like
gaze behaviors and people take the turn following the gaze of the robot [187]. Dif-
ferent from prior work, we adapted the robot’s gaze behavior moment-by-moment
to the participation levels in the group.

The robot’s adapting gaze behavior was studied with language learners and na-
tive speakers of Swedish in the “With other words” game as depicted in Figure 4.3.
In the game, players described words — here, as a shared task for both the language
learner and the native speaker — which the robot had to guess. We invited lan-
guage learners and native speakers to create a natural imbalance in skill, which we
expected to influence how much players participate through describing words. We
increased the difficulty of describing the words over three difficulty levels through-
out the game to ensure that the skill imbalance would occur despite varying skill
among the language learners.

Given the task of describing words, we collected voice activation shares of the
group members (collected automatically through individual close-talk microphones)
to approximate participation behavior and measured the group dynamics through
the unevenness in participation as given in Equation 4.1. In the user study, we
further measured the number of turns taken, the personality and familiarity of
participants, their language proficiency and willingness to communicate, as well as
the social presence of the robot (see Section B.4.4 in Paper B for more details).

The user study then compared the adaptive and dynamic gaze behavior (DG) to
a gaze behavior that was unaware of the group and group dynamics. The adaptive
behavior algorithm led the robot to look more at the participant who talked less (see
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Figure 4.4: Unevenness in participation for the two gaze behaviors by word difficulty
level (N=27 groups). Image adapted from: Paper B [69]

Section B.3 and Algorithm 1 in Paper B). The control gaze behavior, i.e., a speaker-
focused gaze behavior (SF), combines looking at the current speaker with gaze
aversion.

Figure 4.4 shows how the measure of unevenness in participation (see equation
4.1) resulted in lower values, meaning more even participation in the DG condi-
tion'. Additionally, we found that personality and language proficiency were a
significant predictor of the amount of speech. There was no significant difference in
the perception of social presence, suggesting that gaze behaviors were comparable
and provided a fair comparison.

This work demonstrated the effectiveness of autonomous interaction-shaping
robots that use minimal perception, i.e., voice activation shares, and dynamically
adapting gaze behaviors. Even though the general amount of speaking was in-
fluenced by participants’ proficiency and personality, the robot could effectively
shape how participants interacted with each other, mediating the imbalance in the
group. Thereby, our findings extend prior works that provided evidence for the
power of gaze behaviors when influencing group interactions [140, 187]. Overall, we
can conclude that gaze behaviors that acknowledge both group members accord-
ing to their voice share should be used when robots aim to shape participation in
skill-imbalanced groups.

IThe original condition names were experimental (DG) and control (SF).
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Paper B: Robot Gaze Can Mediate Participation Imbalance in
Groups with Different Skill Levels

Sarah Gillet*, Ronald Cumbal*, André Pereira,
José Lopes, Olov Engwall, Tolanda Leite.
In Proceedings of the 2021 ACM/IEEE International Conference on Human-Robot
Interaction, 2021, New York, NY, USA. (HRI 21)

Abstract: Many small group activities, like working teams or study groups, have a
high dependency on the skill of each group member. Differences in skill level among
participants can affect not only the performance of a team, but also influence the
social interaction of its members. In these circumstances, an active member could
balance individual participation without exerting direct pressure on specific mem-
bers by using indirect means of communication, such as gaze behaviors. Similarly,
in this study, we evaluate whether a social robot can balance the level of participa-
tion in a language skill-dependent game, played by a native speaker and a second
language learner. In a between-subjects study (N = 72), we compared an adap-
tive robot gaze behavior, that was targeted to increase the level of contribution
of the least active player, with a non-adaptive gaze behavior. Our results imply
that, while overall levels of speech participation were influenced predominantly by
personal traits of the participants, the robot’s adaptive gaze behavior could shape
the interaction among participants which lead to more even participation during
the game.

Contributions by the author: RC and SG ideated the project and were re-
sponsible for the conceptualization of the study, methodological design, code im-
plementation, software development, participant recruitment and study execution.
AP, JL, OE, and IL contributed by providing invaluable assistance and supervision
across all phases of the research process. SG assumed the primary role in writing
the paper, with RC collaborating in the process, and all authors contributing with
important feedback and revisions.

Fostering inclusion among children

Factors that inhibit participation not only occur in crafted lab settings, as in the
work discussed above, but can occur when children move to another country. One
reason for the difficulty of participation might be a different language spoken in
the new country. In addition, an increasingly polarized society and a growing
impression of 'us vs. them’ [164, 100] invite research on interaction-shaping robots
that foster inclusion among children who newly arrived to a country and children
already present.

For this purpose, we developed an interactive music-mixing game played by a
group of three children - one newly arrived and two already present -, which was
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Figure 4.5: The robot Cozmo interacts with three children - two already present and
one newly arrived - and measures their interaction dynamics through the movement of
the tangible elements. It chooses the least exploring child as an addressee to encourage
participation and exploration by prompting a replacement of the tangible elements.

mediated by the robot. The music-mixing game was designed as a language-free
game to accommodate diverse language backgrounds. It involved placing tangible
elements, i.e., cubes, on a round game board. The board was divided into nine
wedges and each tangible element produced a different sound when placed in the
different wedges. The goal of the game was to find the correct positions of the
tangible elements indicated by rings lighting up in the middle of the board and
a pleasant mix of the different sounds. Figure 4.5 shows the interaction between
three children and the robot Cozmo, as well as, the game board.

The robot’s goal was to achieve even participation and hence foster collabora-
tion. Inspired by prior work [199], a directly-mediating behavior chose the child
that had explored the least part of the board as the addressee of its action, i.e.,
the robot prompted the child to pick up and replace their tangible element. We
compared this informed addressee choice with a random choice, i.e., the robot did
not perceive the participation behavior and randomly chose which child to prompt.
In addition to the directly mediating behavior, the robot displayed indirectly me-
diating behaviors by following previous cube movements and turning to the least
exploring as an encouraging act.

In a between-subject study, 39 children, of which 13 had newly arrived in the
country within the last two years, played the game with the Cozmo robot. The
analysis of the children’s interactions indicated that the robot could perceive the
group’s ingroup-outgroup dynamic and suggest respective displacements of tangible
elements. Moreover, children in the mediation condition participated more evenly
in the game even in a subsequent game round in which the robot was not present
anymore. We further studied the effect of the robot’s behavior beyond the game
through a mini-dictator game [222, 77]. We found that children tended to be more
prosocial, i.e., voluntarily give more stickers to other children, after interacting with
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the mediating robot.

This work showed that game-based approximations of group dynamics can be
effective to perceive the group and choose actions that are sensible to overcome
notions of ingroup-outgroup. Even though the robot’s behavior was safe-guarded
by a human controller, the autonomously chosen actions were never stopped by the
controller. Therefore, this work further demonstrates the feasibility of developing
autonomous interaction-shaping robots. This work extends prior work by using
game-based approximations of group dynamics, demonstrating the feasibility of
autonomy even for settings in which language and speech are not used or not
indicative of the group dynamics.

Paper C: A social robot mediator to foster collaboration and in-
clusion among children

Sarah Gillet, Wouter van den Bos, Iolanda Leite.
In Proceedings of Robotics: Science and Systems, 2020, Corvalis, Oregon, USA.
(RSS ’20)

Abstract: Formation of subgroups and thereby the problem of intergroup bias is
well-studied in psychology. Already from the age of five, children can show ingroup
preferences. We developed a social robot mediator to explore how a robot could
help overcome these intergroup biases, especially for children newly arrived to a
country. By utilizing an online evaluation of collaboration levels, we allow the
robot to perceive and act upon the current group dynamics. We investigated the
effectiveness of the robot’s mediating behavior in a between-subject study with
39 children, of whom 13 children had arrived in Sweden within the last 2 years.
Results indicate that the robot could help the process of inclusion by mediating
the activity. The robot succeeds in encouraging the newly arrived children to act
more outgoing and in increasing collaboration among ingroup children. Further,
children show a higher level of prosociality after interacting with the robot. In line
with prior work, this study demonstrates the ability of social robotic technology to
assist group processes.

Summary of Contributions: Summary of contributions.

Contributions by the author: SG and IL ideated the project. SG designed and
implemented the game and robot behaviors and performed the evaluation. The
study design was developed by SG in collaboration with WB and IL. SG wrote the
paper with feedback from WB and IL.

Working with stakeholders to define robot behaviors and sensing

Researchers investigating robots that support small group interactions build robot
behaviors informed by social psychology research [195, 193], by experts [131] or
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Figure 4.6: The interaction between the robot and three teenagers in a discussion-based
task (right) and the teenager wizarding the robot through the actions co-designed by the
group (left).

through co-design with stakeholders [156]. Papers B and C used handcrafted au-
tonomous behavior policies according to best practices from the literature. Whereas
these handcrafted behaviors were effective, other works have found that effects
might differ from those intended [193, 105, 186], e.g., a robot designed to mediate a
conflict instead called attention to this conflict [105]. Therefore, we also considered
involving stakeholders in the development of interaction-shaping robots. In our
case, we involved teenagers.

Involving teenagers allowed us to (a) understand their wishes for and views on
the robot and (2) understand how they would like to interact with the robot. The
goal of our co-design process on behaviors and sensing was to define the actions
a € A of the robot and the state space s € S and collect demonstrations of 7 : s — a.

We invited 16 teenagers (8 boys, 8 girls, ages 12-15 with M=12.8 years old)
divided into three groups to explore with us which social robot behaviors are needed
and desirable for better group interactions in their peer groups. We did not prime
them on what it meant to have a "better" group interaction but aimed to capture
their spontaneous interpretations. We undertook different focus groups and design
activities as visualized in Figure 4.7 and facilitated the design of a concrete action
space.

As part of our robot design activities, we invited teenagers to use the designed
action space in group discussion sessions. In these sessions, three teenagers worked
on a discussion-based task such as “Which robot for the job?”2. One of the teenagers
controlled the robot Nao (See Figure 4.6) and one observed the interaction to reflect
on the robot’s action design as proposed by [22, 23].

2For this task, we provided job descriptions and robot pictures and asked them to discuss
which robot would be the most suitable to be “hired” for this job.
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Figure 4.7: Timeline of the co-design and interaction sessions for understanding
teenagers’ wishes and uses of a social robot that supports their group interactions.
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Our analysis of the focus group discussion suggests that all three groups could
imagine a robot being useful to break the ice and to support equal participation
and turn taking, which was also reflected in the action space teenagers designed.
In addition, teenagers imagined the robot to serve as a tool for improving efficiency
and performance, e.g., by answering questions through internet searches.

The three different groups used the robot very differently during the sessions
with the designed action space on the robot. The robot controlled in the group we
called “Baymax” used the robot more like a teacher, asking the group to focus and
give reminders to collaborate. On the other extreme, the “R2D2” group used the
robot to make the activity more fun and entertaining. The third group “WALLE”
could be placed in between with some fun elements but also frequent requests to
focus. We conclude that the varying dynamics in a group, which also develop
over time, need different robot behavior policies to support the interactions. In
addition, the differences between behavior policies demonstrated by the teenagers
would make handcrafting simple autonomy through heuristics tedious. Therefore,
this work contributes to the understanding of how teenagers would like to use robots
for their group interactions and suggests that learning-based approaches might be
needed for the robot to adapt to the different and evolving needs of these groups.

Paper D: Ice-Breakers, Turn-Takers and Fun-Makers: Exploring
Robots for Groups with Teenagers

Sarah Gillet*, Katie Winkle*, Giulia Belgiovine*, Tolanda Leite.
In Proceedings of the 31st IEEE International Conference on Robot and Human
Interactive Communication, 2022, Naples, Italy. (RO-MAN 2022)

Abstract: Successful, enjoyable group interactions are important in public and
personal contexts, especially for teenagers whose peer groups are important for self-
identity and self-esteem. Social robots seemingly have the potential to positively
shape group interactions, but it seems difficult to effect such impact by designing
robot behaviors solely based on related (human interaction) literature. In this
article, we take a user-centered approach to explore how teenagers envisage a social
robot “group assistant”. We engaged 16 teenagers in focus groups, interviews, and
robot testing to capture their views and reflections about robots for groups. Over
the course of a two-week summer school, participants co-designed the action space
for such a robot and experienced working with/wizarding it for 10+ hours. This
experience further altered and deepened their insights into using robots as group
assistants. We report results regarding teenagers’ views on the applicability and use
of a robot group assistant, how these expectations evolved throughout the study,
and their repeat interactions with the robot. Our results indicate that each group
moves on a spectrum of need for the robot, reflected in use of the robot more (or
less) for ice-breaking, turn-taking, and fun-making as the situation demanded.
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Contributions by the author: KW ideated the project. SG and KW collabo-
ratively refined the project idea and developed the study details and protocol. SG
took responsibility for the robotic system and KW for the focus group protocols
and interviews. SG, KW and GB jointly worked on the co-design approach, ran
the summerschool, analyzed the data and wrote the paper. IL adviced SG, KW,
and GB and gave feedback on the paper.

4.4 Learning appropriate interaction-shaping behaviors
online and offline

Our work with teenagers, previous results of unexpected effects when using hand-
crafted behaviors, and the complexity of group interactions that would require
tedious handcrafting, encouraged the exploration of learning-based approaches to
interaction-shaping robotics. We chose to explore two types of learning settings —
online in interaction and offline from datasets. In the following, this thesis first
presents an approach to allow for online RL while staying socially appropriate.
Lastly, approaches to offline learning — IL and RL— are presented in light of their
effectiveness when mediating participation imbalance.

Toward learning in interaction through shielding

RL is a prominent approach for learning behavior policies for robots, in general,
[110] often with the help of humans in the loop [123]. In this work, we explore
shielding to ensure social appropriateness during the exploration of an RL agent.

Exploration is a crucial element of RL that enables the RL agent to later exploit
on the collected rewards from the environment [196]. Exploration is based on taking
random actions, which for a social robot could lead to inappropriate behavior, i.e.,
nodding continuously or gazing hastily between people. Therefore, we propose to
use shielding, an approach from the safe RL community, to avoid inappropriate
behaviors during exploration, learning, and deployment.

We decided to focus on attentive listening in the form of backchanneling, i.e.,
providing feedback through nods and small utterances in one-on-one interactions.
BC behavior has been found to be idiosyncratic [25], i.e., it is unique to an indi-
vidual. At the same time, however, research showed that backchanneling typically
happens in backchanneling opportunity points (BOP) [89] (see also Section 2.1) of
which people choose roughly a third for their backchannels. We use this notion of
BOPs for our shielding approach, i.e., the shield should only allow backchannels in
BOPs.

We use a conversational dataset [14] to explore if a data-driven approach to
shielding could generate a shield that limits a randomly exploring RL agent to
backchannel only in appropriate moments in a video-based study as shown in Fig-
ure 4.8. We compare the data-driven approach to two baselines: one random explo-
ration behavior without a shield and a statistically guided behavior, which overall
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Figure 4.8: We explore if shielding could allow for online RL for robot listening behavior.
In the video study, the person tells a small story to which the robot generates listening
behavior through backchannels, i.e., nods and small utterances.

limited the number of backchannels. The audio stimulus was kept constant for
all three conditions so that participants would evaluate the robot and its listening
behavior solely due to different robot behaviors.

The study with 92 participants recruited through Prolific showed that the
shielded exploration behavior was perceived as a significantly closer and more
comforting listener, but only when compared to the random exploration behav-
ior. Interestingly, we found that the statistically guided and our shielded approach
provide an acceptable interaction quality and that backchanneling in "wrong“ mo-
ments might be acceptable as long as it is not too frequent. In future work, we aim
to explore if these results from a video study transfer to in-person interactions and
how different ways of shielding support the online RL process.

Paper E: Shielding for socially appropriate robot listening behav-
iors

Sarah Gillet, Daniel Marta, Mohammed AKkif, Iolanda Leite.
Submitted to the 33rd IEEE International Conference on Robot and Human
Interactive Communication, 2024, Pasadena, USA. (RO-MAN 2024)

Abstract: A crucial part of traditional reinforcement learning (RL) is the initial
exploration phase, in which trying available actions randomly is a critical element.
As random behavior might be detrimental to the interaction, this work proposes
a novel paradigm for learning social robot behavior—the use of shielding to ensure
socially appropriate behavior during exploration and learning. We explore how a
data-driven approach for shielding could be used to generate listening behavior.
In a video-based user study (N=110), we compare shielded exploration to two
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other exploration methods. We show that the shielded exploration is perceived
as more appropriate and comfortable than a straightforward random approach.
Based on our findings from the user study, we discuss the potential for future work
using shielded and socially guided approaches for learning idiosyncratic social robot
behaviors through RL.

Contributions by the author: SG ideated the project and developed the ap-
proach in collaboration with DM. MA performed intial explorations of this work as
part of his master thesis which was supervised by SG and DM. SG implemented
the system. SG and MA designed the user study and SG prepared and ran the user
study. SG led the paper writing efforts. DM and IL contributed to the writing of
the paper. IL supervised SG and DM, evaluated MA’s thesis and provided valuable
feedback.

Balancing participation with learned behavior policies

We used the problem definition as given in Section 4.2 to formalize balancing par-
ticipation through gaze as an MDP to be solved through IL and RL [70]. The
goal was to train adjusting and flexible gaze policies 7(s) — a based on states
s € S and actions a € A, overcoming the workload and limitations that come with
handcrafting behaviors.

To train the two policies, mry, and 7y, we first defined the state space S and
action space A to extract the following dataset:

Interaction Context: The dataset comprises interactions between a language
learner and a native speaker of Swedish playing the With Other Words game (Paper
B). The two humans have to describe the current game word which the robot then
has to guess within a fixed time. The robot’s only crucial task is to guess the word
so that the conversation evolves among the human players. Each pair of people
played a minimum of 20 words and each session lasted 15-20 minutes.

State space: We provide a 77-element vector that encodes the state of human
participants (36 features x 2), the state of the robot (3 features), and high-level
interaction information (2 features). All of these features are collected at 2 Hz.
For each human participant, we use the audio signal captured through individual
close-talk microphones to compute statistical quantities of mel-frequency cepstrum
coefficients (MFCC), 4-dimensional prosody features, speech intensity, and pitch
as well as the first derivative of these features over the last second. Further, we
consider participation balance from the viewpoint of the participant and if the
participant is currently talking as a feature. To capture the robot in the feature
vector, we collect the current gaze target of the robot - the speaker, listener, or
neither (looking away) for gaze aversion. To provide a sense of time and action
frequency, we also capture the time past since the last robot gaze change and the
frequency with which the robot changed gaze targets.

Action space: The actions a; € A available in the dataset are discrete directions
that the robot was gazing towards: Look at speaker, Look at listener, Perform
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gaze aversion, and Do nothing. Gaze aversion was only performed on the current
speaker. The Do nothing action did not change the robot’s state. In the dataset,
the robot took action continuously, i.e., at 2Hz.

Robot behavior in the dataset: This dataset was collected from Paper B. There-
fore, the data collected from eleven groups exemplifies the dynamic, experimental
gaze condition which used actions Look at speaker, Look at listener, and Do nothing.
The actions Look at speaker, Perform gaze aversion, and Do nothing are exemplified
for the other fifteen groups in the speaker-focused, control condition.

Participants: 54 participants interacting in 27 groups form the dataset. The 12
groups experiencing the SL behavior were formed by 12 females, 11 males, and 1,
rather not say, and the 15 groups interacting with the SF behavior of 12 females
and 18 males with an average age of 31.79 years (SD = 11.50) and 32.03 years
(SD = 10.73), respectively.

For training wgy,, we further acknowledged the importance of one conversational
turn for balancing participation. During one conversational turn, the robot might
attempt to shape the length of the turn but also encourage the other participant
to take the turn. Therefore, the horizon for the RL problem was defined as one
conversational turn, i.e., we learn a behavior policy mry that optimizes its behavior
over one turn. We computed the reward to be proportional to the improvement over
the balance of speech in the game (see equation 4.1 ) for training the policy mry,
i.e., the reward compared the unevenness at the end of the previous turn to the
unevenness at the end of this turn with the reward being positive if the unevenness
was reduced and vice versa.

As we intend to learn policies from the dataset above, we used offline RL in
the form of Double Deep Q-learning [85] to train 7gyr,. For imitation learning, i.e.,
behavioral cloning, we trained m;, — a and used the same dataset with the actions
that the heuristics chose as the ground truth. To evaluate the trained policies,
we used standard machine learning metrics for IL (Macro F1), and appropriate
methods from the offline RL community to estimate the quality of the offline learned
policy (Sequential Doubly Robust estimator). To compare the two policies prior to
deployment, we used Weighted Importance Sampling (WIS), an additional method
from the offline RL community, which is also applicable to 7, when estimating
the expected returns of the new policy given the dataset. Interestingly, the WIS
expected 7y, to perform better than wry, which, however, was not confirmed in the
experiments.

Before deploying both policies in a user study, we analyzed the learned behavior
policies wrr, and 7y, on a left-out part of the dataset to ensure appropriateness. We
considered the frequency of action change, i.e., hastiness, the durations of actions,
and the average time that each action was performed.

After verifying the general appropriateness of the behaviors, we compared the
policy mgy, to the policy 7y, in a user study. None of the behavior policies improved
over the heuristics regarding the balance in participation. Interestingly, participants
in the RL condition took significantly more turns than participants in the original
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gaze aversion condition. In addition, we found that people spoke overall more in
the IL condition than in the original experimental, speaker-listener condition. Our
key takeaway from this work was that even though we did not find any differences
in terms of balance, our results show promise for learning gaze behaviors for group
interactions as interactions were not compromised.

Paper F: Learning Gaze Behaviors for Balancing Participation in
Group Human-Robot Interactions

Sarah Gillet, Maria Teresa Parreira, Marynel Vazquez, Iolanda Leite.
In Proceedings of the 17th ACM/IEEE International Conference on Human-Robot
Interaction, 2022, New York, NY, USA. (HRI ’22)

Abstract: Robots can affect group dynamics. In particular, prior work has shown
that robots that use hand-crafted gaze heuristics can influence human participation
in group interactions. However, hand-crafting robot behaviors can be difficult and
might have unexpected results in groups. Thus, this work explores learning robot
gaze behaviors that balance human participation in conversational interactions.
More specifically, we examine two techniques for learning a gaze policy from data:
imitation learning (IL) and batch reinforcement learning (RL). First, we formulate
the problem of learning a gaze policy as a sequential decision-making task focused
on human turn-taking. Second, we experimentally show that IL can be used to
combine strategies from hand-crafted gaze behaviors, and we formulate a novel
reward function to achieve a similar result using batch RL. Finally, we conduct
an offline evaluation of IL and RL policies and compare them via a user study
(N=50). The results from the study show that the learned behavior policies did
not compromise the interaction. Interestingly, the proposed reward for the RL
formulation enabled the robot to encourage participants to take more turns during
group human-robot interactions than one of the gaze heuristic behaviors from prior
work. Also, the imitation learning policy led to more active participation from
human participants than another prior heuristic behavior.

Contributions by the author: SG ideated the project, developed the problem
formulation and offline RL approach. MTP was responsible for coding, testing and
writing about the imitation learning gaze policy. SG and MTP ran the study and
recruited participants jointly. SG led the paper writing with the help of MTB, MV
and IL. MV and IL provided valuable advice throughout the project.



Chapter 5

Discussion

This thesis explores the generation of autonomous social robot behavior that can
interact with and adapt to multiple people and positively shape their interactions.
This chapter first discusses the thesis contributions in light of the research ques-
tions and then presents limitations and future work that concern the development
of autonomous social interaction-shaping robots. This thesis then concludes with a
critical discussion on the ethical challenges of robots shaping interactions highlight-
ing the need for future work of computational but also empirical and psychological
nature.

5.1 Generating autonomous interaction-shaping robot
behavior

Robots that support and shape interactions between people have great potential.
However, to allow for these robots to impact people and our societies, we need
to develop autonomous systems that are capable of leveraging interaction-shaping
effects in the real world. This thesis has explored several techniques that aim to
take the first step toward real-world capable interaction-shaping robots.
Research Question 1, as posed in the introduction (see Chapter 1), aims
to investigate autonomous interaction-shaping robots, their adaptation to dynamic
groups, and the respective effects of these robots. The contributed works demon-
strate that effective autonomy for interaction-shaping robots can be achieved by
perceiving and adapting to the dynamics in group interactions. In Paper C, au-
tonomy was achieved through perceiving game-related behaviors. These behaviors
allowed the robot to extract who was playing/ exploring the least active and would
benefit from support. We compared this informed supportive behavior to random,
uninformed supportive behavior. Similarly, Paper B compared informed support-
ive behavior that was aware of all participants and dynamically addressed both of
them through gaze to unaware behavior that just focused on the speaker. In both
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works, the informed, aware robot behavior led to effective improvements in the
group interaction by fostering inclusion or mediating imbalances in participation.

Based on the findings of those two works, this thesis proposes the following
hypothesis: Autonomous robot behaviors for shaping interactions are ef-
fective if the robot has means to decide who should be supported with its
behavior. Paper B and Paper C provide evidence for this hypothesis in line with
related work, for example, the MicBot turning toward the least active speaker to
balance engagement in a discussion[199] or a decision facilitation robot prompting
the least active for their opinion [181]. In Paper C, the robot used the awareness of
the group dynamics to prompt the least exploring player to take an action in the
game. Paper B explored how a robot choosing the least participating player in ad-
dition to generally considering both speakers can be effective. The latter highlights
that, at times, addressing and supporting the group as a whole might be important.
Interestingly, the need to support individuals and the whole group as such was also
highlighted by stakeholders — the teenagers — when designing and using their robot
for supportive group interactions as reported in Paper D. Future work will need to
validate if perceiving who should be supported is sufficient for the effective shaping
of human-human dynamics. Insights from related fields such as affective computing
on techniques for perceiving the dominant participant [166] or approximate cohe-
sion [182] might, for example, help to understand how perceiving the group to gain
this insight on who to support can be achieved in various contexts.

Working with the teenagers on their group assistant further revealed that the
ideal robot behavior might differ between groups and individuals. A close inspec-
tion of the usage pattern of the different groups showed that one group used the
robot more as a teacher and another group used the robot to induce fun into their
interactions. Handcrafting behaviors through a set of rules that meet the differ-
ent needs of the different groups might be possible but tedious and labor intensive
[152]. Therefore, this thesis further extends prior works’ arguments for personal-
ization and adaptation [99, 125, 17] to groups by hypothesizing that Learning
is needed to meet the needs of different and evolving groups and the
individuals in these groups.

Research Question 2 aims to explore how we could leverage machine learn-
ing methods with the goal of achieving more flexible behaviors, being able to adapt
to more complex dynamics without extensive hand-crafting of behaviors. Paper E
shows how we could allow for online learning by using shielding based on human-
human data. The goal was to enable a robot to learn idiosyncratic robot behaviors
by allowing for exploration while maintaining social appropriateness. We com-
pared the shielded approach to a random almost continuously acting behavior and
a statistically-guided behavior. The results indicate that maintaining social appro-
priateness either through shielding or by restricting the behavior statistically leads
to significantly higher-rated listening behavior during the exploration phase of the
RL agent. We therefore hypothesize that It is important that the robot acts
in a socially appropriate manner during learning and deployment.

Paper F provides additional evidence for the importance of the social appropri-
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ateness of learned behaviors during deployment. This work proposes to use offline
RL or IL on an HRI dataset to learn gaze policies that balance participation. An
important step prior to deployment was to analyze the prominent behaviors and if
they followed norms, i.e., looking more at the speaker than the listener, and how
frequently the behaviors changed, i.e., how hastily the robot was changing its gaze
target. The results indicate that learning is a promising approach because learned
behaviors did not compromise the interaction. Interestingly, prior work found that
acting inappropriately at times might contribute to the overall likability of the robot
[128] but also highlights the risk that failures might negatively impact trust [203].
Therefore, future work will need to investigate if social appropriateness is key to
the success of learned behaviors and how unintended and intended inappropriate
behaviors might impact human-human dynamics.

Overall, this thesis provides initial evidence that different approaches might be
promising for learning of interaction-shaping robot behaviors. Future work will
need to further investigate these approaches and validate their promise in groups
of varying sizes with varying needs. One way of improving the learning for shaping
interactions in groups might be to model the interaction between participants ex-
plicitly through a graph. This modeling would then allow for using Graph Neural
Networks that reason explicitly over the structure of the interaction. Future work
might be able to then learn behaviors that can be effective in groups of varying
sizes and, due to the structure, reasoning over individuals and their interactions,
allow for capturing their nuanced needs.

Lastly, future work will need to explore how to evaluate and judge improved
learned behaviors that might not have an effect in interaction. In the machine
learning community, improvements of a few percent in accuracy over previous ap-
proaches define continuous scientific progress (see [159] for an example). Scientific
progress in the HRI community is often defined through differences in participant
behaviors and impressions of the robot, and a few percent of behavior improvement
might, in fact, at most times, not be perceivable by participants, for example, when
generating gestures for a listening agent [219]. In Paper E we saw that even though
the robot was acting at theoretically inappropriate moments, it was acceptable as
long as the frequency of acting was adhered to. While small improvements might
not have measurable effects on interactions, step-wise progress could, over many
iterations, achieve notable improvements. Future work will, therefore, need to con-
sider when the improvements are worth the effort and cost to evaluate with users
and how to present and publish the potentially necessary intermediate steps.

5.2 Limitations

The presented heuristics and learning methods could only be evaluated in the spe-
cific interaction contexts. Even though we attempted to design a more generic,
real-world interaction scenario by bringing the robot to the school and playing the
language game in a meeting room, our studies can be considered controlled lab
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studies. Our results are, therefore, limited to the chosen contexts. However, the
presented approaches are general and might be applicable to other scenarios. In
addition, the approaches were designed to mimic real-world interactions closely.
Future work will need to further investigate the stated hypotheses and effects in
real-world HRI.

We use computational measures of participation that might not reflect the ac-
tual contribution that participants made to the group. People might be able to
contribute the same idea or progress to a discussion with much fewer or much more
words and speech time. Therefore, the measure of participation as speech amount
which we use in Paper B and Paper F might not actually capture their contribu-
tion. The choice for measuring contributions through speech amount was of a pure
computational reason and the availability of this kind of data. Future work might
explore how we could measure participation and group members’ contributions in
more appropriate ways, for example, by using Large Language Models.

5.3 Ethical challenges

Given the potential that positive human-human connections can have on general
life satisfaction but also for equal opportunities, this thesis offers advancement that
might bring us one step closer to actually using these robots as tools deployed in
the real world. However, influencing people’s behavior also raises ethical concerns.
First of all, IEEE’s guidelines on Ethically Aligned Design suggest that autonomous
and intelligent systems should support human potential and ensure connections
and relationships between humans [54]. The works that this thesis contributes aim
to follow this suggestion by enhancing and promoting human-human connections.
By leveraging the perception of a person’s interaction dynamics, future work might
further follow this guideline by, e.g., detecting if a person is isolated and encouraging
connections between them and others. Even though promoting interactions between
people might reduce the risk of isolation and the robot as an isolating factor [57],
the risk of dependency on the robot cannot be fully eliminated. In Paper C, we
therefore studied the impact of the robot in subsequent interactions without the
robot. Future work should further focus on studying the robot’s long-lasting effects
going beyond the effects in the immediate interaction with the robot.

The robot behaviors explored in this thesis shape interactions through non-
verbal behaviors, relying on sometimes intuitive reactions. As users might not be
aware that a robot might influence their behaviors, interaction-shaping robots face
the risk of deception. IEEE’s ethics guidelines suggest that “In general, deception
may be acceptable in an affective agent when it is used for the benefit of the person
being deceived, not for the agent itself.”[54, p. 175] In other words, deception in ISR
might be ethically acceptable when the robot’s shaping behavior benefits people as
explored in this thesis. Nonetheless, future work should explore how reducing the
ethical risk by being upfront about the robot’s goal affects the robot’s ability to
shape interactions.



Chapter 6

Conclusion

The goal of this thesis is to advance the development of autonomous social robots
that shape human-human interactions. First, this thesis proposes the terminology
of interaction-shaping robotics and suggests that considering the current human-
human dynamics is important when developing autonomous interaction-shaping
robots. Especially, this thesis provides evidence that the perceived dynamics are
important to decide who to address when fostering inclusion among children or
supporting interactions in skill-imbalanced groups to balance participation. Fur-
ther, intense work with teenagers demonstrated that when imagining and using
the robot as a supporter for their interaction, the robot’s role and behavior has to
adapt to the varying and forming groups of teenagers which highlights that learn-
ing approaches might be needed to meet the needs of these groups. This thesis
then explores the feasibility of machine learning methods that could overcome the
limitations and labor of handcrafting heuristics. The contributed works show that
learning behavior policies online might be feasible through the use of shielding to
ensure socially appropriate exploration in the initial phases of online RL. Further,
learning offline from human-robot interaction datasets might be feasible and not
compromise the interaction when balancing participation in groups with different
skill levels. Overall, this thesis contributes technical, user studies and theoretical
work with the overall goal to develop robots that encourage and support people
through the flourishing of their human-human interactions.
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