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Abstract
This thesis investigates how social robots can serve as peers within the learning-by-

teaching paradigm. Taking inspiration from developmental psychology, it validates a

cognitive peer-model architecture grounded in Interactive Reinforcement Learning,

where children teach a robot through evaluative feedback and observe its progress.

The model was evaluated in a large-scale study with primary school pupils. To

maximise ecological validity, the study preserved the classroom environment and

enabled multiple one-on-one child–robot interactions to occur in parallel. Findings

showed that children engaged more with the robot than with independent practice,

which in some cases translated into higher retention of the taught material.

Because human–robot interaction extends beyond cognitive outcomes, the thesis

also examines psychological and social dimensions of teachable robots. A controlled

study explored how varying levels of involvement in teaching influenced perceptions

of trust, ownership, and anthropomorphism. Results indicated that while deeper

involvement increased self-investment, positive perceptions depended strongly on the

robot’s transparency and behaviour.

Finally, the thesis proposes two new frameworks that align robot learning more

closely with natural human teaching. ECLAIR enables robots to interpret the diverse

verbal feedback children naturally provide, while INFORM, inspired by memory

consolidation, allows robots to replay experiences offline to recover structure and

generalise beyond immediate tasks.

Taken together, these contributions present a path toward robots that learn as

peers: responsive, imperfect, and capable of growing alongside children. The thesis

argues that making robots adaptive learners also improves the learning experience of

the children who teach them.

Keywords: Teachable Robots, Reinforcement Learning, Robots in Education, Human-

Robot Interaction.
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Chapter 1

Introduction

"I’ll teach you how to jump on the wind’s back, and then away we go."

— J.M. Barrie, Peter Pan

Learning is a continuous and layered process that shapes the human experience

[95, 290]. From infancy, coordinating movement or producing simple sounds, to

complex milestones such as language acquisition and abstract reasoning, children

develop through ongoing interaction with their environment and with others [209, 34].

Early development draws on associative learning, imitation, and reinforcement

[253, 16, 168]. As cognitive capacities expand, children increasingly reflect on their

own thinking [91], generate independent ideas [99], and consider the perspectives

of others [287]. These skills support collaborative knowledge construction and the

regulation of one’s understanding, capabilities that are regarded as distinctively

human.

Social interaction plays a fundamental role in this developmental process. Through

engaging with others, children are exposed to new perspectives, they test and refine

their ideas, and they reorganise their understanding in response to what others know,

believe, or expect. Sometimes they learn directly from others, and sometimes they

learn by trying to explain, negotiate, or make sense of what others might be thinking.

In this way, interaction becomes not just a setting for learning, but a mechanism

through which it unfolds [280, 37, 243].
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Chapter 1. Introduction

Peer-to-peer learning builds directly on this idea by placing learners in symmetrical

roles, where knowledge is developed collaboratively rather than transmitted from

expert to novice. When children learn with peers, especially when they are asked

to explain their reasoning or engage with differing views, they often interact more

deeply with the material, restructuring their thinking in the process [232]. One

powerful form of this is learning-by-teaching, where the act of explaining to another

becomes an opportunity to consolidate and extend one’s own understanding [79].

While peer-to-peer learning holds great educational value, it also presents practical

challenges. Not all children benefit equally from peer interactions, and the dynamics

of who teaches whom, how support is exchanged, and whether the interaction is

productive can be difficult to control in classroom settings [62, 92]. In this context,

social robots have emerged as promising tools to support and structure peer-like

interactions. Unlike traditional digital tools, social robots bring physical embodiment

into the classroom, allowing them to engage children more directly through gaze,

gesture, and shared space, and offering a responsive and socially engaging partner for

learning [24, 135, 140] . When designed as novice peers, these robots invite children

to take on the role of teacher, engaging in learning-by-teaching scenarios where

the robot’s behaviour is shaped by the child’s input. In doing so, they harness the

cognitive benefits of teaching while providing a peer interaction that is both adaptive

and consistent, qualities that are difficult to achieve in traditional classroom peer

learning [263, 158, 82].

This thesis investigates how interactive learning models can be used to endow

social robots with realistic peer-like behaviours that evolve through teaching interac-

tions with children. It explores how these models can support natural, multimodal

communication, adapt to individual learners, and generalise knowledge beyond spe-

cific tasks. By grounding the robot’s learning in children’s input, this work aims

to create more authentic and cognitively plausible learning companions. In doing

so, the thesis bridges insights from developmental psychology and cognitive robotics

and contributes novel architectures, empirical findings, and ethical reflections on

how teachable robots can be integrated into real educational environments. This

includes the design of interactive reinforcement learning models, large-scale classroom
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deployments, and the study of psychological outcomes such as trust and psychological

ownership.

1.1 Challenges

Designing a robot that can act as a realistic, teachable peer is a complex task. It

requires more than just replicating correct answers or using engaging animations.

For a peer robot to be meaningful in a classroom setting, it must be able to learn

from each individual child, interact naturally, respond appropriately, and adapt its

behaviour over time. This section outlines the core challenges addressed in this

thesis.

1.1.1 Realistic Cognitive Modelling and Natural Testing

Building a learning model that truly reflects what each child teaches the robot is not

straightforward. One-size-fits-all approaches do not work in real classrooms; each

child brings their own pace, strategies, and way of expressing feedback [235]. For

a robot to act as a meaningful peer, it needs to personalise its learning trajectory

to each child’s input [246, 24]. At the same time, running studies in real school

environments adds another layer of complexity. Instead of isolated lab settings, the

studies in this thesis span a range of contexts, including real classroom deployments

where several children interacted with different robots at the same time. Managing

multiple autonomous, personalised robots in parallel, while preserving the natural

flow of the classroom, is a core challenge addressed in this work [132, 135, 246].

1.1.2 Psychological Implications

Children do not just treat robots as machines. They often form emotional connections,

similar to the bonds they build with peers [131, 149]. This can be beneficial; it

makes the interaction more engaging, but it also carries risks. Over-trust may lead

to over-reliance, where children defer too readily to the robot’s answers or guidance.

Emotional attachment may also create expectations the robot cannot fulfil [173, 250],
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1.1 Challenges

and in some cases children may even prefer interacting with the robot over peers [59].

In the context of peer robots, striking a balance is therefore crucial: the robot should

be engaging and trustworthy enough to sustain interaction, but not so realistic that

children attribute human-like authority or understanding [130, 249]. This thesis

examines how involvement in teaching affects how participants perceive and trust

the robot, and whether this leads to deeper psychological engagement or misplaced

confidence.

1.1.3 Natural Interaction

One major limitation in many robot learning studies is that they constrain how users

are allowed to interact. Children often have to press buttons, follow strict prompts,

or stick to predefined answers [216]. But real communication doesn’t work that way,

especially with children, who naturally use language to guide, correct, or evaluate

others [230]. To make the learning experience more authentic, the robot must be able

to interpret different types of spoken input and respond in flexible, context-aware

ways [149, 135]. This thesis tackles this challenge by enabling the robot to learn

from three forms of natural language feedback (evaluative, corrective, and guidance)

so that learning can happen through genuine dialogue, not just structured input.

1.1.4 Lack of Generalisation

Most interactive robot learning models focus on learning one task at a time, optimising

for immediate feedback. But human learning is rarely that narrow. We build

generalisable knowledge: we abstract patterns, infer rules, and apply what we learn

in one situation to new ones [271, 88]. To build more child-like peer robots, we need

to move beyond short-sighted, task-specific learning. This thesis addresses this by

proposing a new model that enables the robot to consolidate its experiences over time

and generalise beyond the immediate teaching task, drawing inspiration from the

way children abstract and transfer knowledge across contexts, though the underlying

mechanisms remain distinct.
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1.2 Research Goals and Questions

This thesis aims to develop teachable robots that can act as adaptive, responsive,

and cognitively plausible peers in classroom settings. By drawing on developmental

psychology and interactive reinforcement learning, the goal is to create systems that

do not simply execute predefined behaviour but instead learn from children’s input,

mirroring how real peer interactions support learning.

Based on the challenges identified, this thesis pursues five central research goals.

First, it seeks to design a robot learning model that adapts in real time to

children’s feedback, addressing the challenge of creating peer-like robots that are

genuinely responsive. This leads to the first research question:

RQ1: How can interactive reinforcement learning be used to enable children to

effectively teach a robot using evaluative feedback?

Second, the thesis examines how children respond to such a system in an ecologi-

cally valid classroom setting, addressing the challenge of moving beyond lab-based

studies.

RQ2: What learning and retention outcomes emerge when children teach a robot

compared to when they practise alone?

Third, the work considers the psychological and social dynamics of interaction,

focusing on involvement, trust, and psychological ownership.

RQ3: How does a user’s level of involvement in the robot’s learning process affect

psychological factors such as trust and psychological ownership?

Fourth, the thesis addresses the challenge of enabling natural interaction by

exploring different kinds of feedback.

RQ4: How do evaluative, corrective, and guidance feedback influence the interaction

and the robot’s learning?

Finally, the work tackles the challenge of long-term generalisation by developing

a consolidation-inspired model.
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RQ5: Can a robot consolidate and generalise its learning beyond the specific task,

in a way that mirrors human learning?

1.3 Organisation of the Thesis

The remaining chapters of this thesis are organised as follows:

• Chapter 2: Provides a multidisciplinary foundation, drawing on developmental

psychology, human-robot interaction, and reinforcement learning. It discusses

the theoretical basis for peer learning, the role of social robots in education,

and existing models of teachable robots.

• Chapter 3: Introduces a novel interactive reinforcement learning framework

that enables a robot to learn from child-provided feedback. This chapter

details the architecture design and an online study comparing evaluative and

preference-based learning approaches.

• Chapter 4: Describes an ecologically valid classroom study where children

taught a robot across two learning tasks. It compares the learning outcomes

and engagement levels of children in a learning-by-teaching condition versus a

tablet-based self-practice condition.

• Chapter 5: Investigates how involvement in teaching a robot influences user’s

trust, psychological ownership, and engagement. A lab-based study explores

how different levels of control affect user perception and epistemic trust.

• Chapter 6: Extends the robot’s capabilities by allowing it to learn from dif-

ferent types of natural language feedback (evaluative, corrective, and guidance)

using large language models. This chapter explores how this improves the

naturalness and effectiveness of the interaction.

• Chapter 7: Proposes a sleep-inspired reinforcement learning model that

enables the robot to consolidate and generalise its learning beyond the immedi-

ate task. This chapter evaluates the approach in simulated environments to

demonstrate its long-term potential.
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• Chapter 8: Reflects on the findings across all studies, discusses broader

implications for educational robotics and developmental theory, and addresses

key limitations and ethical considerations.

• Chapter 9: Summarises the main contributions of the thesis and offers final

reflections on the future of teachable robots in education.
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Chapter 2

Background

[Epigraph removed for copyright reasons. Original source: J.R.R. Tolkien, The

Hobbit, 1937]

2.1 Developmental Models for Learning

Understanding how children learn has long been a central concern in developmental

psychology and education. Over time, theoretical and empirical work has converged

on the idea that learning is not solely an individual cognitive process, but one

shaped by rich social, linguistic, and cultural interaction. This subsection presents

a chronological overview of influential developmental theories, with a focus on how

social interaction, dialogue, and peer conflict contribute to cognitive growth.

2.1.1 From Individual Construction to Social Interaction

In the early 20th century, Jean Piaget advanced one of the most influential theories

of cognitive development [208]. He argued that children are active constructors of

knowledge who progress through stages by interacting with their environment. His

framework emphasised individual exploration, where cognitive growth occurs through

equilibration; children’s efforts to maintain cognitive balance between their internal

schemas and external experiences. Although Piaget’s theory centred on the solitary

child, later research expanded his ideas by showing that social contexts such as peer
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discussion, especially with partners who hold different views, can also stimulate

cognitive conflict and conceptual change [181, 73].

In parallel, Lev Vygotsky offered a contrasting perspective that placed social

interaction at the heart of development [280]. His concept of the Zone of Proximal

Development (ZPD) describes the gap between what a child can achieve alone and

what becomes possible with guidance from a more knowledgeable partner. Impor-

tantly, this “other” need not be an adult; peers can play an equally significant role,

particularly when collaboration is structured to enable dialogue and mutual support.

Here the emphasis shifts from individual discovery to socially scaffolded participation,

a perspective that continues to shape contemporary views of collaborative learning.

2.1.2 Learning through Language and Scaffolding

In the decades that followed, Jerome Bruner helped formalise the notion of scaffolding;

the idea that learning occurs most effectively when support is tailored to a child’s

current level and gradually withdrawn as competence grows [293]. Bruner’s work

also reinforced the central role of language in cognitive development, emphasising

that interaction does not merely transmit knowledge but actively shapes the learner’s

reasoning. Educational settings that encourage verbal explanation, questioning,

and shared meaning-making became particularly valuable for promoting conceptual

understanding [53]. This line of research contributed to a broader shift in how

educational theory conceptualises the learner: not as an isolated thinker but as a

participant in a community of discourse. Collaborative learning frameworks built

on these ideas have highlighted that learning happens with others, through shared

activity and the co-construction of meaning [180].

2.1.3 Toward Peer-Based Learning

Building on earlier research into social interaction and co-construction, later work

turned to the specific cognitive benefits of peer teaching. In this context, children

are not only recipients of guidance but also take on the role of teacher. The idea that

teaching others enhances one’s own understanding dates back to classical thinkers
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such as Seneca - "Teaching is learning", and Comenius - "He who teaches, learns", but

it was not until the mid-twentieth century that empirical research began to examine

its educational value systematically. Early studies on peer tutoring revealed that

student tutors often demonstrated greater learning gains than their tutees, suggesting

that the act of teaching actively consolidates knowledge [60].

The underlying mechanisms of this effect have been examined in more detail.

Teaching requires the tutor to retrieve and organise information, monitor the learner’s

understanding, and adapt explanations accordingly [232]. These demands engage

meta-cognitive functions such as planning, self-assessment, and reflection, all of which

are known to support deeper learning [79]. The impact is further reinforced by what

has become known as the protégé effect, whereby tutors experience a heightened sense

of responsibility for the learner’s success, increasing their own effort and investment

in the task [46].

Taken together, these studies suggest that peer teaching benefits both tutees

and tutors by stimulating explanation, monitoring, and reflective processes linked

to deeper understanding. This body of work has laid the groundwork for extending

learning-by-teaching paradigms into new domains. In particular, researchers have

begun to investigate whether similar dynamics can be elicited in interactions with

technology, and more recently, with social robots.

2.2 Social Robotics in Education

As educational technologies have evolved, increasing attention has been paid to how

they might support not only cognitive development but also the social and emotional

dimensions of learning. Within this landscape, social robots have emerged as a

distinctive tool, designed to engage learners through speech, gesture, gaze, and other

social cues. Unlike screen-based systems or virtual agents, robots share physical

space with learners and can be framed as peers or tutors, enabling more natural

and socially grounded interaction. A growing body of research suggests that such

embodied agents can enrich children’s learning experiences, supporting cognitive

gains while also fostering motivation, confidence, and social skills [24]. This section
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reviews recent findings on the use of social robots in education, with a focus on four

key dimensions: the role of physical embodiment and social presence, their impact

on learning outcomes, their contribution to social–emotional engagement, and their

capacity for personalised interaction.

2.2.1 The Role of Physical Embodiment and Social Presence

One defining feature of social robots is their physical embodiment. Unlike virtual

agents or screen-based characters, robots can share physical space with learners,

make eye contact, use gestures, and respond in real time [164]. Prior work suggests

that such affordances can enhance perceptions of social presence, influencing how

children attend to and engage with the robot [24, 164]. Empirical studies have

reported that physically embodied robots are often perceived as more engaging and

enjoyable than screen-based characters, and can lead to higher learning gains in

some contexts [138, 150]. Moreover, physical presence has been associated with

more positive perceptions and longer interaction times compared to virtual agents

[215], supporting the idea that embodied robots can function as social partners.

Such opportunities for shared activity resonate with Vygotskian perspectives on the

centrality of joint interaction in learning [280].

Recent conceptual models extend this view by emphasising the role of embodiment

in sustaining affective as well as cognitive engagement. Chen et al. [47] propose that

physical co-presence enables a robot to maintain a socially responsive presence and to

adapt its role and behaviour in ways that support the learner’s flow during interaction.

Empirical findings provide converging evidence on the cognitive dimension of this

claim. For instance, Leyzberg et al. [162] found that children tutored by a physically

present robot solved puzzles more efficiently and improved more rapidly than those

working with a disembodied voice or video. Similarly, Vrins et al. [279] showed

that children who interacted with an embodied robot achieved significantly higher

vocabulary scores and reported greater engagement than peers in a video-based

condition. Together, these results suggest that physical embodiment can capture

attention and facilitate sustained cognitive performance, while conceptual models
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highlight its potential to also support affective engagement. In a geography task,

Jones et al. [128] reported that children who received feedback from a physically

embodied robot expressed greater enjoyment, trust, and perceived understanding than

those in screen-only conditions. Kennedy et al. [134] similarly found that children

working with a physically present robot displayed more frequent and sustained

gaze, indicating higher social attention and responsiveness. Although immediate

learning gains did not differ significantly, the embodied robot proved more effective

at establishing joint attention, which is often regarded as an important foundation

for collaborative learning. In a broader synthesis, Li [164] concluded that physical

co-presence, rather than embodiment alone, tends to produce stronger effects on

users’ attentiveness, compliance, and affective responses across educational and social

contexts.

Embodiment also plays a role in non-verbal scaffolding. For instance, de Wit et al.

[69] showed that iconic gestures—movements that visually represent concepts—can

enhance vocabulary learning in second-language instruction. Children who interacted

with a gesturing robot demonstrated greater vocabulary gains and higher engagement

throughout the task. These findings resonate with Bruner’s concept of scaffolding,

in which multimodal cues help bridge new knowledge within a child’s developmental

zone [293]. At the same time, the design of embodied cues must be developmen-

tally appropriate. Kennedy et al. [135] caution that mismatches between gesture

and speech may confuse learners, and excessive movement can become distracting.

This concern is particularly relevant for younger children, who are still developing

attentional control and are more sensitive to irrelevant stimuli [292]. Poorly timed

or unnecessary gestures may therefore hinder, rather than support, learning.

Overall, physical embodiment enhances the quality of child–robot interaction

by enabling joint attention, non-verbal responsiveness, and emotionally grounded

communication. When designed thoughtfully, it can create opportunities for socially

meaningful and developmentally aligned learning, supporting both cognitive and

interpersonal dimensions of education in ways that resonate with Vygotskian and

Brunerian perspectives.
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2.2.2 Learning Outcomes and Cognitive Benefits

Beyond fostering engagement, social robots can activate a range of cognitive processes

that support meaningful and lasting learning. Rather than merely increasing attention

or enjoyment, well-designed robot interactions have been shown to promote conceptual

understanding, strategic reasoning, and reflective habits [24]. A growing body of

evidence suggests that robot-assisted learning can support cognitive development

through mechanisms such as scaffolded challenge, metacognitive prompting, and

self-regulated learning [20, 202].

Social robots can guide learners through increasingly complex tasks by introducing

stepwise challenges and providing real-time support. For example, in a mathematics

tutoring study, Ligthart et al. [165] found that scaffolded dialogue with a socially

grounded robot significantly improved both accuracy and speed in solving multipli-

cation problems. The robot gradually adapted the difficulty through narrative-based

tasks, guiding children from factual recall to structured application. Similarly, Ong et

al. [195] demonstrated that a robot peer tutor helped first-grade students solve math

word problems using prompts based on Polya’s four-step framework: understanding

the problem, devising a plan, executing the plan, and evaluating the result. Most

children improved their performance, and teachers valued the robot’s ability to

structure the problem-solving process in real time. Beyond task-specific scaffolding,

Resing et al. [224] used a dynamic testing design to examine children’s performance

on the Tower of Hanoi puzzle. A peer robot delivered graduated prompts that helped

learners reduce errors and improve planning efficiency in post-tests, suggesting that

such systems may strengthen executive functioning through interactive guidance.

Preliminary neuroscientific evidence also points to the cognitive impact of robot-

mediated learning. Alimardani et al. [7] found that children learning with a physically

present robot showed stronger neural activation in brain regions associated with

memory and attention than peers using a screen-based interface. This neural activity

was positively correlated with individual learning gains, suggesting that physical

embodiment and social responsiveness can deepen mental engagement at a biological

level.
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Beyond task performance, social robots can encourage metacognitive awareness

and learning autonomy. Jones et al. [127] investigated how varying levels of scaffolding

affected self-regulated learning (SRL) during a geography task. Using an Open

Learner Model, the robot supported learners in setting goals, monitoring progress,

and choosing strategies. Children who received adaptive SRL feedback showed

the highest learning gains and engagement, particularly those with lower prior

ability, indicating that timely, personalised prompts can foster independence as well

as achievement. Metacognitive prompting also plays a valuable role in language

learning. In a second-language acquisition study, Schodde et al. [241] found that

a robot tutor combining adaptive feedback with explanation improved vocabulary

acquisition in slower learners. The robot not only adjusted its instructional behaviour

based on learner responses but also used re-engagement strategies when children

appeared distracted. These interactions helped learners reflect on their progress and

stay focused, reinforcing understanding through dialogue. Similarly, Edwards et al.

[80] showed that prompting children to justify their answers and engage in discussion,

rather than relying on rote memorisation, supported the development of critical

thinking and argumentation skills. These findings suggest that robot-mediated

dialogue may encourage deeper reasoning through collaborative meaning-making.

Taken together, this evidence suggests that social robots can serve as tools for

enacting developmental principles in practice, operationalising scaffolding, guided

participation, and metacognitive prompting within real learning contexts.

2.2.3 Social and Emotional Development

Children’s learning is shaped not only by what they think, but also by how they

feel: about themselves, the task, and those around them [121]. Emotions such as

curiosity, confidence, and anxiety can influence whether a child embraces a challenge

or avoids it, and whether they persist or give up [207]. As Bandura [16] explains,

children learn not only through direct experience but also by observing others and

interpreting social cues. Through such social modelling and reinforcement, they

develop emotional tendencies and motivational beliefs. In this context, social robots,
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with their physical presence and interactive behaviours, can serve as social models

that support learning in ways extending beyond traditional instruction.

Motivation is one area where robots have shown particular promise. Self-

Determination Theory (SDT) [70] posits that fulfilling learners’ needs for autonomy,

competence, and relatedness enhances intrinsic motivation and engagement. This

framework has been applied to social robots; for example, van Minkelen et al. [273]

found that preschoolers who interacted with a robot addressing all three needs main-

tained higher engagement over time compared to control conditions. Beyond SDT,

other research highlights the motivational value of socially responsive behaviours.

Donnermann et al. [75] reported that university students who worked with a robot

that personalised interaction through names, small talk, and encouragement showed

higher motivation and achieved better academic outcomes than those who did not.

Robots have also been shown to support perseverance and resilience. In a study

by Park et al. [203], children who interacted with a peer-like robot that modelled a

growth mindset displayed greater persistence on difficult tasks and reported stronger

growth mindset beliefs than those in a neutral condition. Importantly, children

recognised the robot’s mindset, suggesting that robots may act as role models

shaping motivational dispositions.

Beyond perseverance, robots may encourage more expansive forms of expression

such as creativity and perspective-taking. Ali et al. [5] found that children working

with a creatively expressive robot generated ideas with greater fluency, novelty, and

originality. These effects illustrate the modelling capacity of robots, where children

adopt not only content but also expressive styles and emotional tone. Wang et al.

[281] extend this argument in their framework of “creative accessibility,” describing

how multimodal interaction with social robots can broaden children’s opportunities

for imaginative and exploratory learning.

Interpersonal growth is another domain where robots show potential. Derakhshan

et al. [72] found that students who practiced medical English with an empathetic

robot exhibited higher levels of confidence and empathy in communication tasks.

Similarly, Park et al. [202] showed that robots capable of backchanneling—offering
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social cues like nods and affirmations—encouraged richer storytelling and greater

verbal output in children, supporting both confidence and communicative fluency.

Robots may also influence how learners seek help and manage uncertainty. Hei

et al. [113] found that students were more likely to ask for assistance from a robot

tutor than from a human teacher, particularly when the robot had previously been

introduced in a friendly manner. This effect appears linked to reduced social anxiety

and a greater sense of psychological safety, enabling learners to admit difficulty

without fear of judgment.

However, the emotional influence of robots is not always beneficial. Bruzzo et al.

[38] reported that participants interacting with a socially expressive robot—using eye

contact, personalised greetings, and warmth—were more likely to accept incorrect

suggestions than those working with a neutral robot. While social presence increased

trust, it also appeared to reduce critical evaluation, underscoring the need to balance

emotional engagement with instructional accuracy.

Overall, these findings suggest that social robots can shape not only task perfor-

mance but also broader affective and interpersonal development, including resilience,

creativity, empathy, and help-seeking behaviours. At the same time, the risks of

over-trust highlight the importance of careful design to ensure that emotional en-

gagement supports, rather than undermines, independent judgment. Thoughtfully

designed, socially responsive robots may create conditions that foster motivation,

emotional confidence, and openness to collaboration, contributing to children’s social

and emotional growth.

2.2.4 Personalisation and Adaptive Interaction

Personalised interaction is central to effective education, enabling instruction to meet

learners where they are intellectually, emotionally, and socially [267]. In human

teaching, this personalisation arises from the teacher’s ability to interpret student

responses and adapt instruction in real time. Through adaptive capabilities, social

robots can approximate the responsiveness of human teaching [24]. In this section,

personalisation strategies are reviewed with a focus on cognitive adaptation (adjusting
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the teaching content), affective adaptation (adjusting the robot’s affect), behavioural

adaptation (responding to non-verbal cues), and role dynamics.

Cognitive personalisation refers to the robot’s ability to track the learner’s evolving

knowledge and adjust content difficulty accordingly. Studies have implemented this

in different ways. In a second-language vocabulary task, Schodde et al. [240] used

Bayesian Knowledge Tracing (BKT) to enable a robot to select tasks based on

learners’ mastery levels, which led to significantly higher in-session performance

compared to a non-personalised baseline. Ramachandran et al. [219] extended this

approach by using a Partially Observable Markov Decision Process (POMDP) model

that considered both knowledge and engagement states when determining the robot’s

next help action, resulting in higher mathematics learning gains. The benefits of

cognitive adaptation have also been shown in longer-term studies. Leyzberg et al.

[160] demonstrated that when robots adapted lesson sequences to target individual

learners’ weakest skills across sessions, learning gains reached the 98th percentile.

Even simple mechanisms, such as ordering lessons based on skill level, can yield

substantial improvements, as reported in earlier work by Leyzberg et al. [161].

In a classroom setting, Baxter et al. [20] found that a personalised peer robot

that adapted task difficulty, speech style, and use of names significantly improved

children’s learning, especially on material not covered in class. More recently, Maaz

et al. [175] combined cognitive and emotional assessment to place students into

performance bands and tailor mathematical instruction, yielding an 8% improvement

over control.

Beyond knowledge and skills, personalisation must also align with the learner’s

emotional state. Affective adaptation enables the robot to interpret and respond

to emotions such as frustration, boredom, or curiosity. Several studies show that

emotional adjustment can strongly influence motivation and engagement. In a

mathematics study with the Ms. An robot, for instance, adapting instructional

strategies to students’ emotions led to deeper reflection and sustained attention,

even though final scores were comparable across conditions [166]. Donnermann et

al. [76] likewise reported that socially adaptive robots, which modulated tone and

encouragement in response to learner feedback, improved students’ perceptions of
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the interaction. At the same time, the increased verbosity, such as detailed reviews

of mistakes and performance, sometimes caused frustration and stress, highlighting

the delicate balance between responsiveness and user comfort. A different approach

has explored reinforcement learning (RL) as a mechanism for affective adaptation.

Gordon et al. [100] trained an RL-based robot to adjust its affective behaviour to

children’s emotional states during second-language instruction. While children’s

responses revealed clear individual differences, and the learned policies adapted

accordingly, convergence was slow even after multiple sessions, underscoring the

challenge of affective personalisation in sparse-data environments.

Personalisation also extends to the behavioural level, where robots adjust their

social signalling, gestures, gaze, and prosody in response to the learner’s non-verbal

cues. This form of adaptation supports engagement by maintaining a sense of

attunement and interpersonal synchrony. Park et al. [202] showed that when a

robot adapted its backchanneling behaviour, using nods and gaze based on children’s

storytelling rhythms, children perceived it as more attentive and remained more

engaged. Bourguet et al. [29] extended this idea by integrating facial expression

and posture recognition to trigger motivational behaviours; affect-responsive robots

were consistently rated as more supportive. However, as Molenaar et al. [183] found,

not all behavioural adaptations translate to improved learning: a robot matching

children’s speech pitch had no effect on vocabulary recall, pointing to the need for

careful alignment between adaptive cues and pedagogical goals.

A further dimension of personalisation involves flexible role dynamics. Rather

than remaining fixed as either a tutor or peer, a robot may adapt its social role

to the learner’s needs. In a study by Chen et al. [48], a robot that alternated

between peer- and tutor-like roles improved word retention and promoted richer

emotional engagement compared to fixed-role counterparts. These findings suggest

that personalisation is not only about tailoring content or behaviour, but also about

enabling the robot to shift its relational stance in ways that sustain both learning

and motivation.

While these studies demonstrate the promise of personalisation, they also high-

light its limits. Over-personalisation can backfire when adaptation becomes too
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narrow or repetitive. Gao et al. [96] observed that robots adapting too closely

to user preferences reduced engagement, particularly when behaviours converged

into predictable patterns. In contrast, children responded more positively to varied

and flexible behaviours. This distinction underscores the importance of designing

adaptive systems that remain context-sensitive and socially natural, rather than

mechanically formulaic.

Ultimately, the role of personalisation is not just to optimise task performance,

but to cultivate meaningful, individualised learning relationships. Robots that flexibly

adjust to learners’ cognitive states, emotional needs, and social cues are more likely

to foster engagement, motivation, and trust—factors that are important in children’s

learning.

2.3 Learning-by-Teaching Social Robots

Social robots can take on different roles in education, including that of teacher,

tutor, peer, or learner [24]. Each role fundamentally shapes the nature of child–robot

interaction, as it frames the robot’s authority, competence, and relational stance.

These role assignments, in turn, influence how children engage with the robot, how

much trust they place in its input, and how they perceive their own responsibilities

in the learning process. This section first reviews how such roles are conceptualised,

implemented, and perceived in educational HRI. It then turns to empirical work on

learning-by-teaching paradigms, before examining the computational models that

support role-appropriate behaviours and autonomy.

2.3.1 Social Roles of Robots in Education

Early work in educational HRI often positioned robots as teachers or tutors, empha-

sising their instructional authority. Teacher roles are typically framed as authoritative

and content-driven. Robots in this role often deliver structured lessons to groups

of learners in a one-on-many format, mimicking traditional classroom instruction

[275, 3]. The interaction is generally unidirectional, with limited responsiveness to
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individual learner needs. While this setup can be effective for conveying information,

it provides limited opportunities for personalised feedback or learner agency.

Tutor roles, in contrast, are more commonly used in one-on-one scenarios. Tutor

robots support learners through scaffolded dialogue, personalised prompts, and

adaptive feedback. This framing fosters more interactive, learner-centred engagement

and is by far the most widely used in the field, accounting for nearly half of all robot

roles in educational HRI studies [24].

More recent approaches have explored peer and learner roles, where interaction is

more symmetrical and collaborative. In these roles, the robot is framed as a socially

equal or cognitively relatable partner, which can reduce hierarchical distance and

encourage more open learner behaviour. For example, Zaga et al. [298] found that

children were more engaged and performed better when the robot was framed as a

peer rather than a tutor. Similarly, Salomons et al. [238] showed that adult learners

with low prior knowledge achieved greater learning gains when interacting with a

peer robot that used inclusive language (e.g., “we” and “us”) compared to a tutor

robot that used directive language (e.g., “you”). Participants also rated the peer

robot as more friendly, respectful, and intelligent.

This growing interest in peer roles reflects a broader shift toward reciprocal

and socially grounded learning interactions. Evidence suggests that different roles

emphasise different strengths: tutor roles often yield greater instructional efficiency

and knowledge gains, while peer roles are particularly effective at fostering social

involvement, motivation, and emotional expressiveness. For instance, Chen et al.

[49] found that children interacting with a tutor robot learned more vocabulary than

those working with a novice tutee, but displayed fewer facial expressions and less

affective engagement. This highlights the importance of aligning role design not only

with cognitive goals but also with socio-emotional learning outcomes.

Peer roles themselves encompass distinct pedagogical configurations. Educational

theory typically differentiates between peer learning, described as a “two-way recip-

rocal learning activity” in which participants share knowledge and ideas on equal

terms, and peer tutoring, which “implies an unequal partnership” due to one learner

assuming a position of responsibility as the tutor [137]. Social robots can be designed

20



2.3 Learning-by-Teaching Social Robots

to support either format. In peer learning contexts, the robot and child collaborate

toward shared objectives, modelling cooperative reasoning and mutual exploration.

For instance, Ishida et al. [122] found that children interacting with a co-learning

robot adapted their vocabulary and speech to align with the robot’s utterances,

indicating that peer-like configurations can promote linguistic alignment and the

co-construction of meaning.

In peer tutoring scenarios, however, the robot is often presented as a novice

learner, making intentional errors that prompt the child to take on the teaching role.

This configuration is especially well suited for implementing learning-by-teaching

approaches, where children consolidate their own understanding by guiding the

robot’s learning process. By exhibiting fallibility (asking for help, making mistakes,

or gradually improving over time), robots can prompt children to adopt the role

of teacher [263]. While these dynamics are explored in more detail in the next

section, their pedagogical value is already evident. Sudo et al. [261] showed that

children who taught a robot that repeatedly made grammatical errors reported

feeling more comfortable making mistakes themselves, even though learning gains

did not significantly improve. These findings suggest that robot fallibility can reduce

performance pressure and encourage persistence, particularly in emotionally sensitive

learning contexts.

The specific role assigned to a robot fundamentally shapes the learning dynamic,

influencing the learner’s behaviour, perception of the interaction, and the pedagogical

possibilities it affords. While teacher and tutor roles provide structure, expertise,

and instructional efficiency, peer and novice roles offer greater potential for fostering

learner autonomy, emotional engagement, and shared meaning-making. By position-

ing the child as an active participant rather than a passive recipient, these roles

can support richer, more reflective interactions. As educational HRI continues to

evolve, peer-based approaches, and particularly those involving learning-by-teaching

with novice robots, are emerging as a promising direction for creating interactive,

relational, and developmentally inspired learning experiences.
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2.3.2 Empirical Insights into Learning-by-Teaching

The learning-by-teaching (LbT) paradigm, long recognised in educational theory, has

only recently begun to gain traction in child–robot interaction research. While still

less common than tutor-based approaches, a growing body of studies has begun to

explore how children’s role as teachers can be modelled in interactions with robots.

Early work demonstrated that children are capable of guiding a robot’s learning

and that this process benefits their own understanding. Tanaka and Matsuzoe [263]

showed that children who taught a robot English vocabulary through corrections

and explanations achieved higher retention and engagement than controls. Similarly,

Lemaignan et al. [158] used handwriting as a teaching medium, with children pro-

viding demonstrations and feedback that helped the robot’s writing improve over

time. This setup prompted children to reflect more carefully on stroke formation and

spatial organisation, illustrating how LbT can encourage meta-cognitive monitoring.

Later studies explored how LbT unfolds in richer instructional contexts. Verhoeven

et al.[276] found that teaching vocabulary through storytelling with a robot encour-

aged children to provide elaborated explanations, gestures, and contextualisation.

Pareto et al.[201] compared tutoring a robot to tutoring a younger peer, showing

that children offered similar levels of scaffolding and feedback in both conditions,

suggesting that appropriately framed robot tutees can elicit authentic teaching be-

haviours comparable to those evoked by human partners. Moving beyond one-on-one

interaction, El Hamamsy et al. [82] showed that when groups of children collaborated

to teach handwriting to a robot, they engaged in joint reflection regardless of whether

the robot prompted task-based or social engagement.

A central theme in more recent research concerns the robot’s fallibility and

its effects on teaching strategies. In a study conducted by Chandra et al. [45],

children interacted with a robot that either learned continuously, learned based on

personalization, or did not learn at all. Results showed that children’s handwriting

improved significantly when the robot exhibited learning behavior, and children were

more engaged when the robot demonstrated progress. Similarly, Bowman-Smith et

al. [30] demonstrated that when robots made either typical or atypical errors, children
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provided more elaborate and persistent teaching than when no errors occurred, with

atypical mistakes prompting the deepest engagement.

The framing of the robot’s behaviour also shapes children’s emotional and motiva-

tional responses. Muldner et al. [188] showed that attribution style matters: children

responded more positively when the robot explained success in terms of effort and

ability, and when it used inclusive language such as “we” rather than “I.” In contrast,

self-deprecating explanations (“I’m not smart”) elicited frustration. These results

suggest that how a robot communicates its learning trajectory influences not only

how children teach but also how they feel about teaching.

Finally, studies have highlighted the role of interaction design in supporting

LbT. Johal et al. [126] found that a side-by-side seating arrangement encouraged

more positive feedback than face-to-face positioning. Lindberg et al. [169] compared

teaching robots with virtual agents, showing that the physical robot captured more

attention early in the session, though some children’s belief that the robot already

knew the material reduced their willingness to teach, emphasising the role of children’s

prior assumptions in shaping motivation.

Across these strands, evidence shows that LbT with robots can elicit instructional

behaviours such as explaining, correcting, and encouraging, which in turn foster

children’s own learning and reflection. However, the effectiveness of this paradigm

depends not only on the robot’s fallibility and perceived responsiveness, but also on

how its role and behaviour are framed.

2.3.3 Computational models for peer-to-peer tutoring

In LbT scenarios, the success of the interaction depends not only on the child

tutor’s ability to convey knowledge, but also on the tutee’s ability to behave like

a credible learner [232]. The tutee, here, the social robot, must exhibit novice-like

behaviour to trigger the Protégé Effect, a psychological phenomenon that increases

the tutor’s sense of responsibility for the tutee’s learning [46]. Over time, the robot

should demonstrate measurable progress, fostering reflective knowledge-building

through interaction [27]. For effective peer-to-peer learning, the robot must follow a
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learning trajectory that begins with novice-level performance and gradually advances,

encouraging the child to deepen their own understanding [233].

To support such interactions, various computational models have been developed

to simulate novice-like behaviour in social robots. These models aim to present

the robot as a peer who is learning from the child, thereby encouraging tutoring

behaviours and cognitive engagement. Across the literature, three primary approaches

can be identified: Wizard-of-Oz (WoZ) control, scripted simulation, and learning-

based adaptation. Each offers different affordances and limitations in creating robots

that behave like credible, teachable agents.

Wizard-of-Oz systems rely on human operators to control the robot’s behaviour

behind the scenes. These systems offer high flexibility and responsiveness, enabling

smooth and engaging interactions. For example, studies by Tanaka et al. [263],

Verhoeven et al. [276], and Das et al. [67] used WoZ setups to explore how children

teach robots through natural language, and collaborative dialogue. Although effective

for early-stage experimentation, WoZ models lack real autonomy and cannot support

scalable deployment in classroom environments. They provide no actual learning or

memory on the robot’s side, and their reliance on human intervention limits their

use in autonomous educational agents.

Scripted models go a step further by simulating learning through pre-defined

behaviours and staged timing, creating the appearance of progression without under-

lying adaptation. In Zhexenova et al. [300], for example, children were asked to teach

a NAO robot a new Latin-based Kazakh script. Although the robot was framed as a

novice learner, its responses followed a fixed sequence of “improvements,” giving the

impression of learning while being entirely pre-programmed. Yadollahi et al. [295]

used a similar approach in a reading task: the robot’s errors and gestures (pointing

at or looking at the text) were fully scripted, allowing the researchers to test how

specific deictic behaviours shaped children’s comprehension. Likewise, in Lindberg

et al. [169], a NAO robot acted as a teachable agent in a math task, with all mis-

takes and progression predetermined. While this setup initially captured children’s

attention, engagement often declined as the session progressed, and children differed

in how they perceived the robot—some treating it as a genuine learner, others as
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a computer with unlimited knowledge. These findings suggest that while scripted

behaviours can elicit teaching, they may struggle to sustain engagement over time,

especially when children question the robot’s authenticity as a learner.

In contrast, learning-based models allow robots to adapt dynamically to the

child’s input rather than following pre-scripted behaviours. A landmark example

is Lemaignan et al. [158], where a NAO robot learned to write letters by updating

its internal representation using a Principal Component Analysis (PCA) model

of handwriting. As children corrected its strokes, the robot adjusted its motor

commands and visibly improved over time. This approach was later extended in

follow-up studies by El Hamamsy et al. [82] and Chandra et al. [45], which explored

collaborative settings and domain-specific applications, such as school classrooms or

psychologist-led sessions. Beyond handwriting, Chen et al. [49] developed a learning-

based model where children taught a robot to recognise stages of cell division through

image classification, leading to greater conceptual gains and higher motivation.

Such systems generate more authentic tutee behaviours and elicit stronger teaching

responses from children. Yet they also highlight a core limitation: they are usually

tailored to a single domain. Lemaignan’s handwriting model, for instance, cannot be

directly transferred to grammar instruction or visual reasoning without redesigning

the entire learning pipeline. As a result, the current landscape of learning-based

systems remains powerful but fragmented, with each model tied closely to its specific

task.

Despite these advances, existing approaches still fall short of emulating a realistic

learning trajectory. What is needed are models that move beyond narrow, task-specific

adaptations to represent internal learning states and show genuine improvement

through interaction with children.

2.4 Teachable Robots

The previous sections highlighted the importance of designing robot peers that can

emulate the developmental path of a child learner: starting from novice performance,

showing progress, and supporting reciprocal teaching dynamics. A promising route
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toward this goal is the notion of teachable robots: agents explicitly designed to learn

from human input, whether through feedback, demonstration, or evaluative guidance.

This section reviews computational approaches developed to support such robots,

focusing on how human-guided learning frameworks, originally applied in domains

such as manipulation and control, can be adapted to create social robots that act as

credible tutees in educational contexts.

2.4.1 Technical Terminology

Teachable robots are increasingly implemented using Reinforcement Learning (RL),

a framework well-suited to interactive, adaptive behavior. In RL, an agent learns to

make decisions through feedback and rewards [262]. To clarify the terminology used

in this thesis, the following section defines the foundational concepts.

Markov Decision Process (MDP)

A Markov Decision Process provides the formal foundation for modelling sequen-

tial decision-making problems under uncertainty [262]. It is defined by the tuple

(S,A, P, R, γ) where:

• S is the set of all possible states of the agent and environment,

• A is the set of actions available to the agent,

• P (s′ | s, a) is the transition probability of moving to state s′ after taking action

a in state s,

• R(s, a) is the reward function, providing the environmental feedback upon

taking action a in state s,

• γ ∈ [0, 1] is the discount factor, that determines the sensitivity of the agent to

future decisions.

At each time step t, the agent observes state st, selects action at, receives reward

rt+1, and transitions to state st+1. The objective is to learn a policy π : S → A, or
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more generally π(a | s), which defines the probability of taking action a in state s,

such that the expected discounted cumulative reward is maximised:

π∗ = arg max
π

Eπ
[ ∞∑
k=0

γkrt+k+1

]
.

Two common functions are used to evaluate a given policy π:

• The state-value function, V π(s), defines the expected return when starting in

state s and following policy π:

V π(s) = Eπ
[ ∞∑
k=0

γkrt+k+1 | st = s

]
.

• The action-value function, or Q-value, Qπ(s, a), defines the expected return

when taking action a in state s and then following policy π:

Qπ(s, a) = Eπ
[ ∞∑
k=0

γkrt+k+1 | st = s, at = a

]
.

Algorithms

The methods presented in this thesis are built upon two fundamental RL algorithms:Q-

learning and Actor–Critic. Both aim to find optimal policies, but differ in how they

estimate value and update behaviour.

Q-learning. Q-learning [284] is a model-free, off-policy algorithm that learns the

optimal action-value function Q∗(s, a) by iteratively updating Q-values using the

Bellman optimality equation:

Q(s, a)← Q(s, a) + α
[
r + γ max

a′
Q(s′, a′)−Q(s, a)

]
,

where α is the learning rate, r is the received reward, and γ is the discount factor.

The optimal policy π∗ is derived by selecting the action with the highest Q-value in

each state:

π∗(s) = arg max
a

Q∗(s, a).
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Q-learning is simple to implement and well-suited for discrete state–action spaces.

Actor–Critic. Actor–Critic is a hybrid approach combining the advantages of

value-based and policy-based methods [262]. The actor is responsible for selecting

actions via a policy πθ(a | s), while the critic estimates the value function Vw(s) (or

action-value Qw(s, a)) to evaluate the actor’s performance. The policy parameters θ

are updated by ascending the gradient of expected reward:

∇θJ(θ) = Es∼dπ ,a∼πθ
[∇θ log πθ(a | s) A(s, a)] ,

where A(s, a) is the advantage function, representing how much better an action

is compared to the baseline. The critic provides this advantage estimate using

temporal-difference (TD) learning:

δt = r + γVw(s′)− Vw(s).

Actor–Critic algorithms are especially useful in continuous or high-dimensional action

spaces due to their efficient policy updates and stability in learning.

2.4.2 Learning from Humans

Interactive reinforcement learning allows agents to learn from human guidance

through various teaching modalities. Chetouani et al. [50] identify four principal

forms of human input: demonstration, instruction, evaluative feedback, and preference

feedback. Each modality differs in the nature of the signal, integration mechanism,

and computational demands.

Demonstration. Human demonstrations are typically represented as a sequence

of state–action pairs: D = {st, a∗
t}, where a∗

t is the optimal action performed by the

human at time t given the state st [11]. These demonstrations are collected via three

general methods:
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• Kinesthetic teaching: The human physically guides the robot by manipulat-

ing its joints to demonstrate the desired behavior.

• Teleoperation: The human remotely controls the robot using external devices

such as joysticks or motion capture systems.

• Observation: The robot passively observes a human performing a task,

typically through vision or sensor data, without explicit control over the robot’s

actions.

Each modality has trade-offs. Kinesthetic teaching allows precise control and is

intuitive but requires physical effort and suitable hardware [221]. Teleoperation

provides remote flexibility but may introduce latency, reduce demonstration fidelity,

and require specific interfaces [221]. Observation scales well but often requires

complex inference to translate observed behavior into actionable robot policies [51].

Learning from these demonstrations can proceed via two main approaches:

• Behavioral cloning: This method uses supervised learning to imitate expert

behavior by training a policy πθ(a | s) that maps states to actions [15]. The

learning objective is to minimise the discrepancy between the expert’s demon-

strated actions a∗
t and the actions predicted by the policy for the same states.

This is done by minimising a loss function:

L(θ) =
∑

(st,a∗
t )∈D
∥a∗

t − πθ(st)∥2

• Inverse Reinforcement Learning (IRL): Instead of directly learning a

policy, IRL seeks to infer a reward function R(s, a) that makes the expert’s

behavior appear near-optimal [192]. A simple formulation ensures that the

expert policy π∗ has higher value under the recovered reward than any other

policy π:

Eπ∗

[∑
t

γtR(st, at)
]
≥ Eπ

[∑
t

γtR(st, at)
]
∀π.

Once R is estimated, standard reinforcement learning can be used to derive a

policy consistent with the expert’s behavior.
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Instruction. Human instructions are typically represented as a probability distri-

bution over the action space, expressed as:Prt(a | i), where a ∈ A and i denotes the

instruction issued at time t [50].

Two common modes of instruction are often distinguished: action advice and

verbal critique [152]. In action advice, the agent receives explicit guidance such as

“move right” or “go left”, which directly suggests an optimal action. In contrast,

critique-based instruction involves scalar feedback, typically in the form of binary

evaluative phrases like “good job” or “don’t do that”.

Learning from instructions is generally formulated as the task of mapping human-

issued command, often in natural language, into executable action sequences [174].

This process assumes some degree of mutual understanding between the human

and the agent regarding the semantics of the instruction, which is often engineered

through pre-defined mappings or intermediate symbolic representations.

However, some challenges might arise. Pre-defined mappings between language

and actions require extensive engineering and often lack flexibility across domains

[189]. Recent advances in Large Language Models (LLMs) offer more generalisable

alternatives, yet they must be carefully grounded in the environment’s actual state

and action space to prevent hallucinated or invalid commands. In small or discrete

environments, LLMs may also introduce unnecessary latency and computational

overhead, making simpler, domain-specific models a more practical choice.

Evaluative Feedback. Evaluative feedback refers to scalar signals provided by a

human teacher to indicate approval or disapproval of an agent’s action. At each time

step, the human observes the state transition (st, at, st+1) and delivers a feedback

value H(st, at) that reflects their judgment of the agent’s behaviour [50]. Unlike

the environment reward r(s, a), which is predefined by the task designer, evaluative

feedback originates from the human teacher. It can either complement the reward

signal as an additional source of guidance in sparse or delayed reward settings, or

replace it entirely, allowing the agent to learn solely from human-provided evaluations

within the MDP framework. Teaching with evaluative feedback is considered a low-

cost strategy: the agent explores autonomously, and the human intervenes only
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when necessary to provide evaluations. However, constant intervention is cognitively

demanding, and most practical implementations must account for sparse and delayed

human input.

A common approach to integrating human evaluations is through value shaping

[189]. The human feedback is treated as a proxy for a latent value function Ĥ(s, a),

which is used to augment the agent’s Q-function:

Q′(s, a) = Q(s, a) + β · Ĥ(s, a)

where β is a decaying weight factor that controls the influence of the human input.

Preference Feedback. In preference-based reinforcement learning (PbRL), human

teachers compare pairs of action trajectories, providing feedback in the form of relative

preferences rather than numerical rewards [58]. Formally, given two trajectories τi, τj ,

the teacher indicates which they prefer, denoted τi ≻ τj . The goal is to infer a latent

reward function Rψ that explains these preferences, assuming that the preferred

trajectory has a higher cumulative reward :

P (τi ≻ τj) =
exp

(
Rψ(τi)

)
exp

(
Rψ(τi)

)
+ exp

(
Rψ(τj)

) .

Preference-based methods avoid the need for hand-crafted numeric rewards and are

well-suited for non-expert users. Once the reward model is learned, standard RL

(e.g. policy optimization) can be applied using the inferred rewards. However, PbRL

relies heavily on the quality of relative comparisons, and may require many trajectory

pairs to converge unless active or meta-learning strategies are used [289, 26].

2.5 Summary

This chapter traced how theories of development, research in social robotics, and

empirical work on learning-by-teaching converge toward the idea that robots can

function not merely as instructional tools but as credible peers and learners. Prior

studies have demonstrated the value of scaffolding, fallibility, and peer-like roles, yet
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most computational models remain narrow: they either rely on scripted behaviours,

Wizard-of-Oz control, or domain-specific adaptations. These approaches fall short of

capturing the incremental, contingent, and socially meaningful dynamics that make

peer-to-peer teaching effective.

What remains underexplored is how robots can embody genuine learning tra-

jectories—making errors, showing progress, and adapting in response to children’s

feedback—in a way that reflects the mechanisms established in developmental theory.

Addressing this gap requires models that do not simply simulate teaching interactions

but that can learn interactively from children in ways that are transparent, responsive,

and pedagogically aligned.

This thesis takes up that challenge. It develops and evaluates an interactive

reinforcement learning model that enables social robots to act as teachable peers in

primary school contexts. By grounding the design in developmental principles, imple-

menting computational models that allow robots to adapt through child feedback, and

testing these systems in classroom studies, the work aims to demonstrate how teach-

able robots can support both children’s cognitive gains and their social-emotional

engagement. The next chapter introduces this model and the methodological frame-

work used to investigate it in real educational settings.
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Chapter 3

A Cognitive Model for Peer-Like

Learning

[Epigraph removed for copyright reasons. Original source: Yoda, Star Wars: The

Last Jedi, dir. Rian Johnson (Lucasfilm, 2017)]

3.1 Introduction

The previous chapter highlighted the importance of peer-like interaction, transparency,

and responsiveness in supporting learning-by-teaching (LbT) scenarios with social

robots. Building on this foundation, this chapter presents a cognitive model that

brings these principles into practice through an interactive learning architecture

guided by user feedback. The goal is to enable the robot to behave as a teachable

peer: starting as a novice, adapting in real time to human input, and making its

learning trajectory visible and contingent.

To inform the design of this model, the chapter first reports an online study

comparing how different robot learning approaches, varying in contingency and inter-

activity, are perceived by users. Based on these findings, an Interactive Reinforcement

Learning (RL) framework is introduced, allowing the robot to incrementally refine

its policy through binary evaluative feedback. This framework supports responsive
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and transparent learning behaviour and provides the foundation for its evaluation in

classroom studies presented in the following chapters.

3.2 Online Study on Perceived Contingency and

Responsiveness

3.2.1 Study Motivation and Research Questions

For a robot to function effectively as a teachable peer, it should not only learn

competently but also be perceived as a responsive and contingent learner. As

discussed in Chapter 2, prior work in HRI has shown the pedagogical potential of

novice-like robots [124, 24], but much of this research has relied on scripted or Wizard-

of-Oz behaviours. Some learning-based peer robots can adapt to children’s teaching

[158], but these models are typically engineered for specific tasks and environments,

making them difficult to transfer to novel settings without substantial redesign.

Teachable robots are promising candidates for peer-like learning because they

allow children to guide a robot’s development. However, not all human-guided

strategies are equally suited to classroom settings. Demonstration assumes that users

can provide optimal trajectories, which is unrealistic for children and introduces a

high interactional burden [50]. Instruction via natural language is more intuitive but

remains constrained by speech recognition challenges, particularly in noisy classrooms

and with child speakers [64, 198, 255, 89].

Feedback-based modalities, by contrast, are simpler and more accessible. Evalu-

ative feedback, involving binary judgments, and preference-based feedback, which

compares alternatives, have both shown technical feasibility [142, 171, 58]. Yet

their effectiveness in child–robot interaction depends not only on algorithmic perfor-

mance but also on how users perceive responsiveness, clarity, and ease of teaching.

These aspects remain underexplored. Although this concern partly overlaps with

explainable AI (XAI), which seeks to make model decisions transparent [4], the focus

here is different. Rather than exposing internal computations, the goal is to ensure

interactional transparency: that users clearly perceive the causal link between their
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feedback and the robot’s behaviour. This quality is crucial for designing teachable

robots that are both adaptive and socially credible.

To examine these issues, an online study was conducted to compare how different

robot learning models, varying in their contingency and interactivity, are perceived

by users. The study further investigates how these perceptions are shaped by user

characteristics and task type. These insights aim to inform the selection of learning

models that best support engagement, trust, and instructional agency in child–robot

LbT interactions.

Three research questions guide this investigation:

• RQ1.1. How do different robot teaching methods (evaluative feedback,

preference-based feedback, and non-interactive learning) shape users’ per-

ceptions of robot responsiveness, controllability, and teaching success?

• RQ1.2. To what extent do individual user characteristics (e.g., personality

traits, prior experience with robots) influence preferences for specific teaching

methods?

• RQ1.3 How does the nature of the learning task (e.g., navigation, manipulation,

classification) affect the perceived agency and anthropomorphism of the robot?

3.2.2 Experimental Design

An online between-subjects study was conducted to explore how users perceive

different robot learning behaviours across various teaching modalities and task types.

Rather than directly interacting with the robot, participants watched short video

clips depicting the robot being taught by a human in different learning scenarios.

The study followed a 3×3 factorial design, crossing three robot teaching methods

with three pedagogical tasks. Each participant was randomly assigned to one of the

nine experimental conditions and viewed corresponding videos before completing the

questionnaire. The specific video clips can be viewed on the project website 1.
1https://sites.google.com/view/teachable-robots
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Participants An a priori power analysis was conducted using G*Power (version

3.1) for a MANOVA (α = .05, power = .95, number of groups = 9), assuming a

small effect size (f 2(V ) = 0.0625), which indicated a recommended sample size of

N = 144. A total of 138 participants (Mage = 22.87, SD = 1.78; 80 men, 56 women,

1 non-binary) were recruited via the online platform Prolific 2. All were between 18

and 26 years old and received monetary compensation for their participation (£1.80).

Although the broader aim of this research is to support child–robot interaction,

this preliminary study used young adults as a proxy population due to practical

constraints, with the goal of informing the design of robot behaviours for future

use in classrooms. The study received ethical approval from the Sheffield Hallam

University Research Ethics Committee (Application ID: ER56422859).

Teaching Conditions. Participants were randomly assigned to one of three robot

learning conditions, as depicted in Figure 3.1:

• Evaluative Feedback: Participants observed the robot improving through

trial-and-error based on binary feedback provided by a human teacher using a

joystick.

• Preference-Based Feedback: Participants saw the experimenter select

preferred robot behaviours via a web interface, with preferences then transferred

to guide the robot’s learning.

• Download Condition: In this control condition, participants watched the

robot executing a pre-trained policy without user intervention.

Task Types. To examine how perceptions might vary by context, participants

were also assigned to one of three task types, as illustrated in Figure 3.2. These

tasks varied in complexity and social framing, enabling assessment of how the nature

of the task influences perceptions of robot behaviour.

• Navigation Task: The robot had to navigate through a maze to reach a goal

while avoiding obstacles.
2https://www.prolific.com/
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Figure 3.1: Overview of the teaching condition. From left to right: Teaching with
Evaluative Feedback, teaching with Preferences and Download condition.

Binary Feedback

Evaluative Feedback Preferences Download

Figure 3.2: Experimental tasks: Participants observe the teaching process of a robot
within one of three types of tasks: navigation, control and classification.

Lift the cube

Place the cube

Push the cube to the
 right category

Navigate to the goal
 while avoing obstacles

Control Task Classification TaskNavigation Task

• Control Task: This task required the robot to approach, lift, and place a

cube in a designated location, involving both navigation and manipulation.

• Classification Task: The robot was tasked with categorising objects into two

predefined classes. It could choose to assign an object to category A, category

B, or skip classification.

3.2.3 Measures

To assess participants’ perceptions of the robot and the teaching method, a range of

standardised and adapted instruments were used. All items were presented as part

of an online questionnaire administered after the testing phase. Unless otherwise

specified, responses were collected using 5-point Likert scales (1 = Strongly Disagree,
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5 = Strongly Agree). Internal consistency for all multi-item scales was assessed using

Cronbach’s alpha, with detailed reliability statistics reported in Appendix A.

Robot Perception Metrics

• Perceived Responsiveness: Assessed using two adapted items from the

Godspeed Animacy scale [18], measuring the extent to which the robot appeared

to react contingently to the teaching process.

• Perceived Control: Measured with a 3-item scale adapted from [71],

capturing participants’ sense of influence over the robot’s behaviour under the

given teaching method.

• Anthropomorphism, Intelligence, and Likability: Evaluated using adapted

subscales from the Godspeed questionnaire [18], each consisting of five items.

• Perceived Success: Captured using a binary question asking participants

whether they believed the robot had learnt successfully.

Teaching Method Evaluation

• Ease of Use and Acceptance: Participants rated the teaching method’s

ease of use, usefulness, and their intention to use it in the future. These were

measured using eight items adapted from the Technology Acceptance Model

(TAM) [23].

Individual Differences

• Personality Traits: The Mini-IPIP inventory was used to measure the

Big Five personality traits: Neuroticism, Extraversion, Openness (Intellect),

Agreeableness, and Conscientiousness [74]. The scale includes 20 items (four

per trait).

• Robotics Experience: A 5-item scale adapted from [185] assessed partici-

pants’ prior experience and familiarity with robots.
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3.2.4 Procedure

The study was conducted online using the Qualtrics platform 3 and followed a

structured sequence comprising four main phases:

1. Pre-survey: Participants first completed a pre-survey that collected demo-

graphic information (age, gender, education level), prior experience with robots,

and personality traits. This phase ensured baseline comparability across groups

and enabled subsequent analysis of individual differences.

2. Training Phase: Participants were then randomly assigned to one of the nine

experimental conditions (3 teaching methods × 3 task types). Each participant

watched a short training video illustrating the robot’s learning process within

their assigned conditions. To control for outcome-based bias, all training videos

were designed to conclude with equivalent robot performance, regardless of the

learning condition.

3. Testing Phase: After training, participants viewed a set of four video clips

showing the robot performing the task in new test scenarios. Each set included:

two successful trials, one ambiguous trial (suboptimal but goal-reaching), and

one failure. The 75% success rate was selected to reflect realistic performance

dynamics, in line with prior HRI work [296]. The test videos were identical

across teaching conditions within each task type, to ensure comparability.

4. Post-survey: Finally, participants completed a questionnaire assessing their

perceptions of the robot and the teaching method, using the measures described

in Section 3.2.3. An attention check was included between the testing phase

and the questionnaire to ensure data reliability.

All video materials were pre-recorded using a WoZ approach to maintain consistent

robot behaviour across participants and conditions. The EF condition involved real

robot interaction, while the PB condition used preference-trained trajectories in sim-
3https://www.qualtrics.com/en-gb/
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Table 3.1: Descriptive statistics (Mean and SD) for each variable across teaching condi-
tions.

Variable Download Condition Evaluative Feedback Preferences

Anthropomorphism 0.40 (0.15) 0.45 (0.18) 0.47 (0.14)
Control 0.71 (0.21) 0.79 (0.11) 0.77 (0.16)
Responsiveness 0.73 (0.16) 0.82 (0.13) 0.77 (0.17)
Intelligence 0.58 (0.17) 0.64 (0.17) 0.65 (0.15)
Likability 0.69 (0.11) 0.72 (0.19) 0.74 (0.15)
Ease of use 0.74 (0.13) 0.80 (0.17) 0.80 (0.16)
Usefulness 0.71 (0.11) 0.74 (0.17) 0.74 (0.17)
Intent of use 0.75 (0.14) 0.80 (0.14) 0.78 (0.15)

ulation. The Download condition followed a fully scripted execution. Experimental

videos can be found in the project website 4.

3.2.5 Results

This section presents the findings from the quantitative analyses of the online study.

Multivariate and non-parametric statistical tests were used depending on normality

and variance assumptions.

Effects of Teaching Method on Perception

A multivariate analysis of variance (MANOVA) revealed a significant overall effect of

teaching method on participants’ perception of the robot, specifically on perceived

responsiveness, control, and ease of use (Pillai’s Trace = 0.11, F (8, 266) = 1.99, p =

.048). Table 3.1 presents the descriptive statistics (means and standard deviations)

for each variable across conditions, and Figure 3.3a depicts the significant differences

between the teaching conditions.

Responsiveness. A Kruskal-Wallis test showed a significant difference across

teaching conditions (H(2) = 6.46, p = .040). Post-hoc Wilcoxon rank-sum tests

(Bonferroni-corrected) indicated that robots taught through evaluative feedback were

perceived as significantly more responsive (M = 8.14, SD = 1.33) than those
4https://sites.google.com/view/teachable-robots
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in the Download condition (M = 7.33, SD = 1.58; p = .014, d = 0.56). No

significant differences were found between the Evaluative Feedback and Preference-

Based conditions.

Ease of Use. A significant main effect was also found for perceived ease of use

(H(2) = 6.37, p = .041). Both interactive methods (Evaluative Feedback and

Preference-Based) were rated as more user-friendly than the Download condition,

although post-hoc comparisons did not reach significance after Bonferroni correction.

Other Measures. The remaining metrics showed no statistically significant differ-

ences across teaching conditions. However, descriptive trends suggested that:

• Intent to use and usefulness were consistently high across all conditions.

• Perceived control, intelligence, and likability of the robot were rated

notably above average.

• Anthropomorphism was rated as relatively average.

These findings suggest that while users could differentiate between robot learning

modalities in terms of responsiveness and usability, general attitudes toward the

robot’s usefulness, likability, and overall competence were stable across conditions.

Effects of User Characteristics

Individual differences in personality traits and prior experience with robots influenced

how participants evaluated the robot and the teaching method.

Extraversion. In the Evaluative Feedback condition, extraversion was positively

correlated with perceived responsiveness (r = .42, p = .003), intelligence (r = .46,

p = .001), and likability (r = .36, p = .015). No significant correlations were observed

in the other teaching conditions.
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Intellect (Openness). Intellect was positively associated with ease of use in

the Preference-Based condition (r = .42, p = .002), and with both perceived

responsiveness (r = .36, p = .013) and likability (r = .35, p = .015) in the Evaluative

Feedback condition. No significant correlations were found in the Download condition.

Robotics Experience. In the Download condition, prior robotics experience

correlated positively with perceived usefulness (r = .37) and anthropomorphism

(r = .38), both at p = .013. No significant correlations were observed in the other

conditions.

No significant associations were found for gender, education level, or other

personality traits.

Effects of Task Type

A separate MANOVA was conducted to examine whether the type of task influenced

participants’ perceptions, independent of teaching condition. A significant multivari-

ate effect was found (Pillai’s Trace = 0.14, F (6, 268) = 3.41, p = .003). Figure 3.3b

illustrates the significant differences between the tasks.

Anthropomorphism. A Kruskal-Wallis test revealed a significant difference in

perceived anthropomorphism (H(2) = 7.39, p = .025). Wilcoxon comparisons showed

significantly higher ratings in the classification task (M = 12.29, SD = 4.32) than

in navigation (M = 9.98, SD = 4.13; p = .009, d = 0.55). No difference was found

with the control task.

Control The nature of the task also affected perceived control over the robot

(H(2) = 6.15, p = .046). Control ratings were higher for the classification task

(M = 12.07, SD = 2.52) compared to navigation (M = 10.8, SD = 2.74; p = .02,

d = 0.48).

Responsiveness Participants rated the robot as more responsive in the classifica-

tion task (M = 8.27, SD = 1.36) than in the control task (M = 7.29, SD = 1.68;

42



3.2 Online Study on Perceived Contingency and Responsiveness

Figure 3.3: (a) Comparison of the responsiveness and ease of use between the teaching
conditions. (b) Comparison of the anthropomorphism, control and responsiveness between
the tasks.

(a) (b)

p = .005, d = 0.63). No significant difference was observed between classification and

navigation.

No significant differences were found across tasks for perceived intelligence or

likability.

3.2.6 Discussion

The findings of this study offer different insights into how different teaching modalities

affect user perceptions of teachable robots, and how individual characteristics and

task type further shape those perceptions.

In line with RQ1.1, the teaching method significantly influenced perceived re-

sponsiveness and ease of use. Robots that learned through evaluative feedback were

seen as more responsive than those following a pre-trained policy in the Download

condition. This supports the idea that visible, contingent robot learning plays a

critical role in establishing the robot as a socially credible learner. Interestingly,

preference-based learning, while technically interactive, did not significantly enhance

perceived responsiveness. This may be due to the more indirect and less interpretable

nature of preference-based learning, where the cause-effect relationship between

user input and robot behaviour is less immediate and transparent. Despite these

differences in responsiveness, both interactive methods were rated as more user-

friendly than the non-interactive condition. This suggests that even minimal human

involvement in the learning process may increase users’ engagement and acceptance

43



3.2 Online Study on Perceived Contingency and Responsiveness

of the teaching role. However, it is noteworthy that no significant differences were

observed across conditions for perceived anthropomorphism, intelligence, likability,

usefulness, or intent to use. These attributes may require longer or more immersive

interactions to shift, and thus were less influenced by the brief exposure provided in

this study.

With respect to RQ1.2, personality traits, particularly extraversion and intellect

(openness), emerged as important predictors of user experience. Extraverted partici-

pants responded more positively to the robot in the Evaluative Feedback condition,

suggesting that socially outgoing individuals may be more comfortable in dynamic,

trial-and-error teaching interactions. Similarly, participants who scored high on

the Intellect/Openness dimension perceived both interactive conditions as more

usable and engaging, possibly due to a greater openness to novelty and tolerance

for ambiguity. These findings underscore the importance of considering user traits

when designing robot teaching interfaces, especially in educational contexts where

individual learners may vary in confidence, motivation, and communication style.

In relation to RQ1.3, task type significantly influenced how the robot was perceived.

Across conditions, the classification task elicited higher ratings of anthropomorphism,

control, and responsiveness than more mechanical tasks like navigation. This effect

may stem from the classification task’s closer resemblance to an educational game,

which likely made the interaction feel more social, goal-oriented, and pedagogically

meaningful, thereby encouraging users to attribute more human-like qualities to the

robot and feel a greater sense of agency.

Taken together, these findings support the conclusion that evaluative feedback

is a promising teaching modality for educational HRI. It supports contingency, is

perceived as responsive, and was experienced as intuitive and engaging by participants.

Although preference-based learning can guide robot policy successfully, participants

perceived it as less transparent or responsive when compared to more direct forms of

interaction.

While not conclusive, the results suggest that evaluative feedback may offer a

more interpretable and engaging interaction style, making it a suitable choice for the
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interactive architecture described in the next section. The findings also point to the

importance of adapting robot behaviour to individual user traits and task demands.

3.3 Cognitive Model for Peer-Learning Robots

The focus of the thesis is to build a cognitive model for robots that would allow

them to act as peers. The design of this cognitive model is grounded in three

principles established in Chapter 2. First, peer-to-peer learning requires a partner

who can collaborate interactively rather than act as a pre-programmed tutor. Second,

learning-by-teaching scenarios are most effective when the robot starts as a novice

and demonstrates visible improvement across the interaction, thereby sustaining

the child’s motivation to teach [124, 90]. Third, positioning children as teachers

requires methods of guidance that are appropriate for their cognitive and interactional

capacities: they must be easy to use, transparent in how they influence the robot,

and not impose excessive cognitive load [50, 64].

Among the different teaching modalities, evaluative feedback emerges as a par-

ticularly suitable candidate for enabling teachable robots in classroom settings. It

requires only simple binary judgments (correct/incorrect), closely mirrors how chil-

dren naturally correct one another [52], and makes the robot’s learning progress

transparent [9]. Compared to demonstrations, which demand the ability to provide

optimal trajectories, or natural language instructions, which are limited by speech

recognition in noisy classrooms, evaluative feedback places minimal burden on young

users while still supporting effective peer-like interaction [50, 171]

The online study presented earlier provided additional support for this choice:

participants perceived robots trained with evaluative feedback as more responsive and

intuitive than those following a pre-trained policy. While not conclusive, these findings

validate the broader rationale for selecting evaluative feedback as the foundation of

the model.

Building on these considerations, the proposed cognitive model enables the

robot to begin with no prior knowledge and incrementally refine its behaviour

through repeated interaction with a child tutor. By grounding learning in Interactive
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3.3 Cognitive Model for Peer-Learning Robots

Reinforcement Learning (RL), the model ensures that each feedback signal directly

shapes the robot’s policy, making the learning trajectory both contingent and visible

to the child.

Figure 3.4: Overview of the cognitive model for Learning-by-Teaching with Interactive
Reinforcement Learning. (1) A question is displayed with multiple choice options. (2)
Policy Exploitation: The robot peer uses its current policy to select an answer. (3) The
child peer reflects on the robot’s answer (Reflection), optionally reviews the material, and
decides whether the robot’s response is correct or incorrect (Evaluation). (4) The robot
updates its policy (Policy Update) based on the child’s feedback. This loop continues as
the robot progressively refines its knowledge, while the child simultaneously reinforces their
own understanding through active teaching.
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3.3.1 Interactive Reinforcement Learning Peer Model

Interactive RL enables agents to adapt their behaviour directly from human feedback,

reducing reliance on predefined reward functions and making learning accessible

to non-expert users. This property is particularly relevant in educational contexts,

where children act as teachers and must be able to guide a robot’s behaviour without

technical expertise. A number of frameworks have been proposed in this space,

demonstrating the feasibility of shaping agent behaviour through human-delivered

signals. For example, Knox and Stone [142] introduced the TAMER framework, in

which binary evaluative feedback is interpreted as a reward signal to guide policy

updates. Loftin et al. [171] extended this approach by modelling human feedback
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strategies to accelerate convergence, while MacGlashan et al. [176] showed that human

feedback is policy-dependent and introduced COACH (Convergent Actor–Critic by

Humans), an algorithm that interprets human critique as an advantage signal within

an actor–critic model. More recent work has extended Interactive RL into deeper

and more expressive architectures. For instance, the Deep TAMER framework

applies neural network-based function approximation to TAMER, enabling real-time

human feedback to be effective in complex, high-dimensional environments such as

Atari games [282, 10]. Emerging studies also explore emotion-based feedback as a

signal for learning. Researchers have demonstrated that human facial expressions,

captured during training sessions, can be interpreted as evaluative feedback to guide

a robot’s learning effectively [163], and that emotional cues may serve as intuitive

reinforcement signals in interactive drone training scenarios [214].

In the context of education, however, certain constraints narrow the set of viable

options. A teachable robot must adapt quickly within short interactions, provide

visible improvements that reinforce the child’s role as a teacher, and minimise

the cognitive demands placed on the child. From this perspective, TAMER offers

several advantages. It is straightforward to implement, requires no prior specification

of task-specific reward functions, and supports rapid convergence within discrete

environments. Crucially, the direct mapping between a child’s binary judgment

(correct/incorrect) and the robot’s policy update is intended to make the learning

process transparent and contingent, qualities that are important for sustaining

engagement in LbT scenarios.

For these reasons, the TAMER framework was adopted as the basis of the peer-

learning model presented here. Although not a new algorithm, its properties align

closely with the requirements of child–robot educational interaction: ease of use,

responsiveness, and pedagogical credibility. Specifically, after each action, the robot

receives an evaluation signal from the user (+1 for a correct answer, -1 for an incorrect

one) and updates its Q-values using the following rule:

Q′(s, a) = Q(s, a) + α · (h−Q(s, a)), (3.1)
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where Q(s, a) is the current value estimate for state–action pair (s, a), h is the

feedback signal, and α is the learning rate. This allows the robot to incrementally

refine its policy π(a | s) over time.

While TAMER itself is not a new algorithm, its application here represents a novel

adaptation to the educational domain. Most prior implementations of TAMER and

related frameworks have focused on technical benchmarks or constrained laboratory

tasks, without addressing the pedagogical requirements of child–robot interaction.

The contribution of this work lies in reframing Interactive RL as a cognitive model

for peer-like learning: making the robot’s errors and improvements visible, ensuring

that feedback can be provided through child-appropriate modalities, and embedding

the model within a flexible game interface that can be easily customised by teachers

across domains. In this sense, the originality of the model is not in proposing a new

algorithmic mechanism, but in aligning an existing Interactive RL framework with

developmental and educational principles to support learning-by-teaching in real

classroom contexts.

3.3.2 Game Interface and Policy Formulation

The proposed cognitive model requires a formulation that allows the robot to update

its behaviour incrementally in response to feedback. To this end, the learning task is

modelled as a Markov Decision Process (MDP), where each quiz question corresponds

to a state S = {question1, . . . , questionn} and the set of possible answers defines the

action space A = {option1, . . . , optionm}. The robot’s policy π(a|s) maps questions

to answers and is continuously refined through feedback, ensuring that each child’s

input directly shapes the robot’s behaviour. This formalisation allows the TAMER

framework introduced in the previous section to be applied in an educational setting:

the binary evaluative feedback provided by the child is interpreted as a reward signal,

driving incremental policy improvement, until the optimal one is reached whereby

the robot learns to map each question to the correct answer.

To situate this process in a context familiar and engaging for children, a game-

based interface was designed. The robot assumes the role of a novice learner and the
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child acts as a tutor, mirroring peer-teaching dynamics while keeping the interaction

lightweight. Each round presents a multiple-choice question on a touchscreen tablet,

the robot selects an answer, and the child indicates whether the choice was correct.

This framing highlights the child’s agency as a teacher while making the robot’s

progress transparent across trials. The choice of a quiz format makes the interface

broadly adaptable: any learning activity that can be structured as a multiple-choice

question set, whether in language, mathematics, history, or science, can be integrated

into the game. This contrasts with much prior work in learning-by-teaching, where

tasks were narrowly engineered for specific domains such as handwriting [158] or

scripted vocabulary games [82]. By contrast, the present interface generalises across

subjects and can be customised by teachers without technical expertise.

The interface was implemented using Flask 5 and deployed on touchscreen tablets.

It presents quiz items, collects feedback, and communicates with the robot’s learning

module. It was deliberately designed to be intuitive, child-friendly, and adaptable

across different learning domains. Its modular structure also supports future exten-

sions to other feedback modalities, thereby providing a flexible platform for deploying

teachable robots in varied classroom scenarios.

3.4 Summary

This chapter presented the design rationale and technical formulation of a teachable

robot model grounded in Interactive RL. The first part reported the findings of an

online user study evaluating different robot learning behaviours. Results showed that

evaluative feedback was perceived as more responsive and easier to use compared

to non-contingent alternatives, and that individual traits such as extraversion and

task framing significantly shaped user perceptions. These insights informed the

development of a cognitive model in which the robot acts as a peer learner, improving

its policy through real-time evaluative input.

The proposed model formalises the child–robot interaction as an MDP and

uses the TAMER framework to update the robot’s behaviour based on binary
5https://flask.palletsprojects.com/en/stable/
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feedback. This design enables fast convergence, interpretability, and contingency;

key qualities for effective LbT interactions. By aligning empirical evidence with

system implementation, this chapter establishes the foundations for deploying the

peer learner in real-world educational settings.

The next chapter evaluates this model in classroom experiments with primary

school children, examining its impact on learning outcomes, engagement, and per-

ceptions of the robot across different conditions.

50



Chapter 4

Peer-like Robots: Evaluating

Interactive RL in Primary School

Classrooms

"It is the time you have wasted for your rose that makes your rose so

important."

— Antoine de Saint-Exupéry, The Little Prince

4.1 Introduction

Building on the cognitive model introduced in Chapter 3, this chapter examines how

the Interactive RL-based model performs when deployed in real classroom settings.

While most prior work on LbT with robots has relied on scripted or WoZ behaviours,

this study investigates the feasibility and educational impact of an autonomous,

feedback-driven robot that learns directly from children’s evaluative input.

The chapter extends Interactive RL to real classrooms, testing its effectiveness

beyond controlled lab settings. Two learning tasks were used to compare a robot-

assisted learning-by-teaching condition with a tablet-based self-practice control. The

goal is to understand not only whether children can effectively teach such a robot, but

also how this interaction influences their own learning, engagement, and behaviour.
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This chapter contributes new insights into the real-world use of adaptive peer-like

robots in education and the conditions under which they may support personalised

and reflective learning.

4.2 Study Motivation and Research Questions

This study investigates the practical impact of the proposed cognitive model for

teachable robots when embedded in real classroom interactions. Instead of evaluating

only the model’s technical performance, the focus is on how teaching an autonomous

robot influences children’s learning, engagement, and self-regulation.

Specifically, the study explores whether children can effectively guide the robot’s

learning, whether this peer-teaching experience enhances retention compared to

independent practice, and how these effects vary by learner profile and task type. A

between-subjects design compared the robot-based LbT condition with a matched

tablet-based control, using the Interactive RL framework introduced earlier to adapt

the robot’s behaviour based on children’s feedback.

The study is guided by the following research questions:

• RQ2.1: Can primary school children successfully guide a robot’s

learning using Interactive Reinforcement Learning in a classroom

setting?

This question examines the feasibility of deploying Interactive RL in real

educational environments, focusing on children’s ability to provide accurate,

timely feedback that supports the robot’s learning.

• RQ2.2: Does engaging in a teaching interaction with a robot enhance

children’s knowledge retention compared to independent practice?

Here, we explore whether the act of teaching a robot contributes to deeper learn-

ing and longer-term memory consolidation, in comparison to more traditional

self-guided learning.

• RQ2.3: Are children with lower initial knowledge more likely to

benefit from the learning-by-teaching condition than their higher-
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achieving peers?

This question investigates the potential for teachable robots to act as a form

of adaptive support, offering greater benefit to students who begin with less

prior knowledge.

• RQ2.4: How does the type of learning task influence the effectiveness

of the robot-based learning-by-teaching interaction?

This final question addresses whether the cognitive demands of different task

types (e.g., factual recall vs. conceptual reasoning) affect the outcomes of

teaching a robot, with implications for future task design.

4.3 Methodology

4.3.1 Participants

A total of 58 children aged 8–9 years (Year 4, UK) participated in the study. All

attended the same primary school in the United Kingdom, were distributed across

two classes, and studied French as an additional language. Parental consent was

obtained in advance, and verbal assent was collected from the children on the day of

the study. To protect participant privacy, data were pseudonymised using a scheme

that combined each child’s class number with the first letter of their teacher’s name.

This approach enabled matching retention scores with earlier data while maintaining

confidentiality. One child was excluded from analysis for scoring zero on the pre-test,

as the LbT approach targets knowledge consolidation rather than initial acquisition.

Additional data were removed due to technical issues, logging errors, or mismatched

pseudonym IDs. The final dataset included 53 children: 33 boys, 16 girls, and 4 who

preferred not to specify their gender.

4.3.2 Learning Tasks

The learning tasks were presented as quiz-style games, implemented as a web-

based interface using Flask and deployed on touchscreen tablets. Each question
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corresponded to a state in the underlying MDP, and each answer option mapped

to a possible action, following the task formulation described in Section 3.3.2. The

interface supported real-time interaction, functioning both as the input/output

channel for the robot and as the medium through which children delivered feedback.

Two learning activities were selected in collaboration with primary school teachers

to ensure pedagogical alignment. The chosen tasks focused on content not yet covered

in class, with the aim of minimising ceiling effects while presenting an appropriate

cognitive challenge. Prior work suggests that overly simple tasks risk disengagement

[263], whereas more demanding activities can promote learning and reflection [264, 48].

Based on these criteria, two domains were targeted: vocabulary memorisation and

grammar rule inference.

Body Parts Game This vocabulary task required the robot to match English

body part names (hand, head, foot, belly, and eye) to their correct French translations.

In each round, an English word was displayed with three translation options, and the

robot selected one. The task drew on previous research showing the benefits of social

robots in language learning, particularly when iconic gestures are used to ground

word meanings [69]. To reinforce its answers, the robot pointed to the corresponding

body part after each response. This task was modelled as an MDP with five states

(target words) and three actions (possible translations).

Grammar Game The grammar task involved classifying French words as feminine,

masculine, or plural based on their determiner (La, Le, Un, Une, Les, or Des). The

robot selected a category, and the child evaluated its decision. This activity was

designed to support rule inference and metacognitive engagement, which have been

shown to benefit from learning-by-teaching scenarios [25]. The task was modelled as

an MDP with six states (determiners) and three actions (grammatical categories).

4.3.3 Study Design

The learning scenario was implemented using a hybrid system composed of three

interconnected components: (1) a JD humanoid robot, (2) a touchscreen tablet
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Figure 4.1: System architecture of the learning scenario. The setup comprises three
interconnected components: a central computer hub running the pre-programmed learning
pipeline, a JD humanoid peer robot, and a touchscreen tablet serving as the game interface.
The hub communicates with the robot via MQTT and with the tablet via HTTP. The child
interacts directly with the tablet to provide binary evaluative feedback, which is relayed
to the hub to update the robot’s policy in real time. Social interaction between the peer
robot and the child unfolds within the classroom setup.
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running the learning game, and (3) a central computer hub managing synchronisation

and control. These components communicated via MQTT protocols, enabling real-

time feedback loops between the child’s input and the robot’s behaviour. This

configuration, illustrated in Figure 4.1, supports continuous updates to the robot’s

learning policy during the interaction.

The robot used in the study was JD1, a small humanoid platform equipped with

articulated limbs and LED-animated eyes. Although designed primarily for teaching

programming concepts, JD was adapted for use as a peer-like learner in this study.

To enhance child engagement, the robot’s default voice was replaced with a child-like

synthetic voice generated using ElevenLabs2. Additional behaviours, such as head

movements aligned with speech and context-specific gestures, were developed to

promote naturalistic and socially credible interaction. The robot was programmed

using the EZ-Robot ARC platform, within which all behaviours, including head

movements aligned with speech and context-specific gestures, were pre-programmed
1https://www.ez-robot.com
2https://elevenlabs.io/
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and triggered upon receipt of the corresponding MQTT signals from the central

computer hub.

The touchscreen tablet served as the main interface for the learning activity. It

displayed quiz questions and multiple-choice options, along with a progress tracker

and a help button. After the robot selected an answer, the screen presented binary

feedback buttons, allowing the child to indicate whether the robot’s response was

correct or incorrect. The tablet interface across the different conditions is illustrated

in Appendix B (Figure B.2).

Each game round followed a structured sequence: the robot first introduced itself

and explained the task, then attempted to answer each question. It waited for child

feedback, prompting the child after ten seconds of inactivity. If no response was

given within an additional fifteen seconds, the robot encouraged the child to use

the help button. Feedback was acknowledged both verbally and visually, with eye

colour changes (green for correct, red for incorrect). When an error was made, the

correct answer was reviewed collaboratively. In the vocabulary task, the robot also

reinforced learning by pointing to the relevant body part during the review. At

the end of each session, the robot thanked the child and simulated falling asleep to

signal the conclusion of the activity. A video demonstration of a full game round is

available online3.

To maintain ecological validity, all sessions were conducted within the children’s

regular classroom environment. Multiple one-on-one child–robot interactions were

carried out in parallel within the same room, preserving the naturalistic peer-group

setting and minimising experimenter intervention. This design choice aimed to

reduce potential social desirability bias and suggestibility effects, which are known to

influence child responses in controlled lab settings [298]. Maintaining the classroom

context was especially important given the study’s focus on peer-like interaction and

collaborative learning dynamics.
3https://youtu.be/7APP2ZUaizQ
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4.3.4 Experimental Conditions

The study was structured as two independent between-subjects experiments; one for

each learning task (Body Parts and Grammar). This design allowed learning effects to

be attributed to the interaction condition without introducing carryover or familiarity

effects that might confound outcomes in a within-subject design. Conducting two

separate experiments also minimised the risk of ceiling effects in post-tests by avoiding

repeated exposure to the same task.

Each experiment included two conditions:

• Learning-by-Teaching (LbT condition): Children taught a social robot by

providing binary evaluative feedback on its answers. The robot adapted in real

time using the Interactive RL model, simulating a peer-like learning trajectory.

• Self-Practice (Tablet condition): Children completed the same learning

task independently on a touchscreen tablet, with no robot present. They

selected the option they believed was correct; the interface then indicated

whether the choice was correct and, if not, displayed the correct answer.

In the Self-Practice condition, children could not submit their answer immediately;

instead, a 10-second delay was imposed before they could respond. This ensured

equivalent reflection time across conditions, prevented children from guessing too

quickly, and matched the pacing of the LbT condition, where feedback could only be

given once the robot had produced its answer. By controlling timing in this way,

we reduced the risk of random responding and avoided fatigue differences between

groups.

Moreover, to preserve classroom cohesion and prevent social exclusion, all children

participated in both learning conditions, but across different tasks. For example,

children who interacted with the robot in the Body Parts game completed the

Grammar game on the tablet, and vice versa. This structure ensured ecological

validity while enabling controlled comparisons between the learning conditions.

Figure 4.2 shows the spatial organisation of the sessions within the school.
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Figure 4.2: Floor plan of the study setup for both conditions. (a) Learning by Teaching
condition: Children interacted with the robot in a classroom setting, with robots and tablets
distributed around the room. (b) Self-Practice condition: Children worked independently
on tablets in a communal area.
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4.3.5 Procedure

The study was conducted over a three-week period and followed a four-phase protocol:

(1) a familiarisation session, (2) a teacher-led lesson, (3) the main intervention session,

and (4) a delayed retention test. The overall timeline is illustrated in Figure 4.3.

Figure 4.3: Study timeline. Familiarisation Session (Day –7) to introduce children to
the robot; Teaching Session (Day –2) to deliver baseline instruction; Intervention Session
(Day 0) involving the robot or tablet; and Retention Test (Day +14) to assess long-term
knowledge retention.

Intervention
Session

Familiarisation
 Phase

Teaching 
Session

Retention
Tests

DAY 0DAY -2DAY -7 DAY + 14

Familiarisation Session. To reduce novelty effects and increase children’s com-

fort with the robot, a familiarisation session was conducted one week before the

intervention. The JD robot was introduced in the classroom, where it greeted the

children, demonstrated simple movements, and performed a short dance. Children

then engaged in a group activity on the classroom smartboard, where they took

turns using the feedback buttons to teach the robot the names of fruits in French.

This activity introduced the mechanics of the upcoming study in a playful and

low-pressure context. The session ended with a Q&A where children could ask

questions about the robot’s abilities and behaviour.

Teaching Session. Two days before the intervention, teachers delivered structured

lessons covering French body parts and grammatical determiners using standardised

materials prepared by the research team. This ensured all children were introduced

to the relevant content prior to the study and positioned the robot as a learning

partner rather than a source of instruction. The two-day gap between teaching and

intervention was intended to mitigate ceiling effects and maintain ecological validity.

Intervention Session. Each class was divided into three rotating groups: one

completed the task with the robot (LbT condition), another used the same game
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on a tablet without the robot (Self-Practice condition), and the third engaged in

an unrelated computer science activity. Children experienced both robot and tablet

conditions across different tasks: those who taught the robot in the Body Parts game

used the tablet for the Grammar game, and vice versa.

Each session lasted approximately 20 minutes and followed a consistent structure:

a pre-test to assess baseline knowledge, 15 iterations of the learning game, an

immediate post-test, and a brief questionnaire. Robot interactions took place in the

classroom, while tablet sessions were conducted in a nearby communal area. This

setup preserved the classroom context while enabling parallel sessions and minimising

direct experimenter involvement.The learning game was implemented in practice

through the TAMER-based cognitive model presented in Chapter 3 described in

Algorithm 1. The pseudo-code illustrates how child feedback is integrated into the

robot’s policy update and action selection in real time.

Retention Test. Two weeks after the intervention, children completed the same

knowledge assessments on tablets to measure retention. These were conducted

during normal class hours and mirrored the original testing procedure. All children

completed retention tests for both tasks, as every participant had experienced both

tasks in either the LbT or Self-Practice condition. To conclude the study and thank

participants, each child received a certificate, and the JD robot performed a final

dance routine in the classroom.

4.3.6 Measures

To evaluate the impact of the learning-by-teaching interaction, three types of measures

were used: (1) knowledge assessments, (2) in-game behavioural metrics, and (3) post-

intervention questionnaires. These instruments were designed to capture learning

outcomes, user engagement, and subjective perceptions of the experience.

Knowledge Assessments. Children completed three touchscreen-based tests

for each task: a pre-test (administered before the learning activity), a post-test

(immediately after), and a retention test (two weeks later). All tests were delivered
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Algorithm 1 Interactive RL for Learning-by-Teaching a Peer Robot
Require: State set S (questions), action set A (answer options), learning rate α,

iterations T , feedback window τfb, hint window τhint
1: Init: Q(s, a)← 0 for all (s, a) ▷ reset Q at the start of each child session
2: for t = 1 to T do
3: st ← DrawQuestion(S)
4: at ← Max(Q[st, ·])
5: RobotSelectsAndSpeaks(at); ShowOnTablet(at)
6: h← WaitFeedback(τfb) ▷ h ∈ {+1,−1}
7: if h = None then
8: PromptChild()
9: h← WaitFeedback(τhint)

10: end if
11: Q[st, at]← Q[st, at] + α · (h−Q[st, at]) ▷ TAMER update
12: Log(t, st, at, h, Q[st, at], time, help_ms, fb_acc)
13: end for

on tablets using the same interface as the learning game to ensure consistency. Each

test comprised three rounds to reduce the effect of random guessing.

For the Body Parts task, the tests included: (1) matching English body part

names to their French equivalents, (2) matching French words to English, and (3)

matching French terms to corresponding images, each aimed at assessing vocabulary

memorisation.

For the Grammar task, children classified French nouns as masculine, feminine,

or plural based on their determiners. To evaluate rule generalisation rather than rote

memorisation, the test included novel words that had not been presented during the

intervention session.

Knowledge gain and retention gain were computed by subtracting pre-test scores

from post-test and retention test scores, respectively.

In-Game Behavioural Metrics. Interaction logs from the learning activity were

used to capture real-time engagement and learning behaviour. Specifically, the

following metrics were recorded:

• Feedback Accuracy: Whether the child correctly identified the robot’s

answers as correct or incorrect.
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• Time per Iteration: The time elapsed between the robot’s answer and the

child’s feedback.

• Hint Usage: Whether, and how often, the child used the hint button before

providing feedback.

These measures were used to infer cognitive engagement, reflection, and help-

seeking behaviour across conditions.

Perception Questionnaire. Following the intervention, children completed a

short self-report questionnaire to evaluate their experience. The instrument measured

perceived competence, task enjoyment, and engagement. Items were adapted from

the Intrinsic Motivation Inventory (IMI) [236] to align with the classroom context

and participant age.

To ensure usability and accessibility, the questionnaire used a child-friendly 5-point

Likert scale represented as a star-rating system. Questions were displayed individually

in random order, and children responded by tapping the appropriate number of stars.

This design was informed by previous work on self-report measures for children and

was pre-tested in classroom settings to ensure clarity [45]. Internal consistency scores

(Cronbach’s alpha) for each subscale, and its corresponding phrasing are provided in

Appendix A.

4.4 Results

4.4.1 Effectiveness of Teaching Through Feedback

To address RQ2.1, we examined whether children could guide the robot’s learning

through Interactive RL by providing accurate feedback and adapting their tutoring

behaviour over time.

Children were generally able to provide accurate feedback to the robot, with a

mean accuracy of M = 0.89 (SD = 0.13) in the Body Parts Game and M = 0.74

(SD = 0.29) in the Grammar Game. These results indicate that children understood
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the goal of the interaction and assumed the role of a teacher, actively supporting the

robot’s learning process by identifying and correcting its mistakes.

In addition, interaction data suggest that children adapted to their role as a tutor

over time. As shown in Figure 4.4a, their response time per iteration significantly

decreased during the Body Parts Game, from a median of 12596.52 ms in the first

five rounds to 9289.20 ms in the last five, U = 607.00, z = 2.90, p < .01, r = .38.

This indicates that children became quicker in evaluating the robot’s answers as the

session progressed.

A similar pattern was observed in their use of the help panel (Figure 4.4b).

Children initially spent a median of 1142.40 ms using the help feature, which decreased

to 0.00 ms by the final rounds, U = 563.50, z = −2.61, p < .05, r = −0.34. This

reduction suggests growing confidence in their ability to assess the robot’s responses

without additional support. These trends were not observed in the Grammar Game.

Figure 4.4: Comparison of time spent during the game between the first and last five
iterations. (a) Time spent per iteration. (b) Time spent on the help panel. Significant
adaptation was observed in the Body Parts Game.
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Taken together, these patterns suggest that children became increasingly familiar

with the task and began to engage more strategically with the tutee robot. This

supports the feasibility of using Interactive RL as a learning model for robot tutees

in classroom settings, with children effectively guiding the robot’s learning while

adjusting their own tutoring behaviour over time.
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4.4.2 Learning-by-Teaching Versus Self-Practice

To address RQ2.2, we compared the learning outcomes of learning-by-teaching a social

robot with the self-practice condition, while also examining whether the perception

of the task differed between the two approaches.

Figure 4.5 shows that, on average, children in the LbT condition achieved higher

post-test and retention gains compared to those in the Self-Practice condition in the

Body Parts Game, where this difference reached statistical significance. Children

in the LbT condition showed a mean retention gain of M = 0.90 (SE = 3.89),

compared to a negative gain of M = −1.70 (SE = 4.78) in the Self-Practice group,

t(50) = 2.16, p < .05, r = .29. This suggests that LbT supported better long-term

learning in the vocabulary task, and that children in the control condition may have

forgotten or performed worse than at baseline. No significant differences were found

between conditions in the Grammar Game.

Figure 4.5: Retention and post-test gains by condition. (a) Body Parts Game: higher
retention in LbT. (b) Grammar Game: no significant difference.
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Children in the LbT condition spent significantly more time per iteration than

those in the Self-Practice condition, as shown in Figure 4.6a. In the Body Parts

Game, their median iteration time was 3431.66 ms, more than double that of the

Self-Practice group (1476.40 ms), U = 571.0, z = 0.88, p < .0001, r = .12. A

similar pattern was observed in the Grammar Game, where children in the LbT

condition took longer to respond (Mdn = 5127.50 ms) compared to the control

group (Mdn = 1916.03 ms), U = 535.0, z = 0.76, p < .001, r = .11. These findings
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suggest that children remained engaged with the task for longer periods in the LbT

condition.

Children in the LbT condition also spent more time using the help panel on

average, though this difference was only statistically significant in the Grammar

Game. As shown in Figure 4.6b, children in the LbT group spent a median of

1417.13 ms reviewing the material, compared to 312.80 ms in the Self-Practice group,

U = 468.0, z = 2.56, p < .01, r = .35. Additionally, in the LbT condition, time spent

on the help panel was positively correlated with retention gain (r = 0.30, p < .05),

whereas no such relationship was observed in the Self-Practice condition (r = −0.01,

p > .05). This suggests that children in the LbT condition engaged more actively

in self-reflection and material review, which may have contributed to their higher

retention gain.

Figure 4.6: Time spent per iteration (a) and on the help panel (b). Significant differences
emerged across both tasks, particularly in LbT.
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Table 4.1 summarises children’s self-reported ratings of engagement, perceived

competence, enjoyment, and task difficulty across the two learning conditions. No

significant differences were found between the LbT and Self-Practice groups, except

for engagement in the Grammar Game, where children in the LbT condition reported

significantly higher engagement (p < .05). An exploratory analysis further showed

that, in the LbT condition, time spent per iteration was positively correlated with

perceived engagement (r = 0.365, p < .05), a pattern not observed in the Self-

Practice group (r = −0.01, p > .05). Perceived difficulty was rated as moderate
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across both conditions, suggesting that the LbT interaction was not experienced as

more demanding than independent practice.

Table 4.1: Perceived experience ratings across tasks and conditions. Significant differences
in bold.

Variable Body Parts Game Grammar Game

LbT Self-Practice p LbT Self-Practice p

Task Enjoyment 4.3 (0.83) 4.2 (0.81) 0.92 4.2 (0.97) 4.2 (1.07) 0.99
Perceived Competence 4.0 (0.81) 4.3 (0.81) 0.41 4.3 (1.07) 4.4 (1.07) 0.95
Engagement 3.7 (1.07) 4.1 (0.99) 0.11 4.2 (0.99) 3.3 (1.46) 0.03
Difficulty 2.3 (0.94) 2.3 (1.06) 0.96 2.6 (1.26) 2.6 (1.46) 0.73

4.4.3 Influence of Prior Knowledge

To address RQ2.3, we explored whether prior knowledge moderated learning gains.

Participants were divided into two groups for each task and condition based on the

median pre-test score: a Low-Baseline group (scores at or below the median) and a

High-Baseline group (scores above the median). The median cut-off scores, along

with demographic information such as gender distribution and pre-test performance

for each group, are provided in the Appendix B.

Figure 4.7 shows that, within the LbT condition, students with lower prior

knowledge (Low-Baseline) achieved significantly greater post-test gains than their

higher-performing peers (High-Baseline). This effect was not observed in the Self-

Practice condition, where gains were minimal for both learning methods. Specifically,

in the Body Parts Game, Low-Baseline students showed a median gain of 4.00,

compared to 0.00 for High-Baseline students, U = 52.00, z = −2.86, p < .05,

r = −0.51. A similar pattern emerged in the Grammar Game, with Low-Baseline

learners achieving a median gain of 5.00, again significantly higher than the High-

Baseline group (Mdn = 0.00), U = 29.00, z = −2.07, p < .05, r = −0.44.

Figure 4.8 shows that this effect also extended to retention gains, with Low-

Baseline students in the LbT condition retaining more knowledge than their High-

Baseline peers. This difference was significant in the Body Parts Game, where

Low-Baseline students had a median retention gain of 2.00, compared to −1.00
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Figure 4.7: Post-test learning gains in LbT vs. Self-Practice, split by prior knowledge.
Stronger effects observed for Low-Baseline learners in LbT.
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for High-Baseline students, U = 51.00, z = −3.37, r = −0.59. A similar trend

was observed in the Grammar Game, where Low-Baseline students (Mdn = 2.00)

outperformed the High-Baseline group (Mdn = 0.00), though the difference did

not reach statistical significance (U = 40.00, p > .05), with a medium effect size

(r = −0.44). In contrast, retention gains in the Self-Practice condition were minimal

for both groups, with Low-Baseline students showing a median gain of 0.

These results suggest that the LbT condition was particularly beneficial for

students with lower prior knowledge, enabling them to achieve greater learning

gains than their higher-performing peers, an effect not observed in the Self-Practice

condition.

Figure 4.8: Retention gain scores by baseline knowledge. LbT particularly benefited
learners with low prior knowledge.
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4.4.4 Influence of Task Type

Finally, to address RQ2.4, we investigated how task type affected interaction and

perception within the LbT condition.

Although ratings for enjoyment and competence were similarly high across tasks,

engagement was significantly higher in the Grammar Game (Mdn = 4.67) than the

Body Parts Game (Mdn = 4.00), U = 209.50, z = −2.08, r = −0.29.

Correlational analysis revealed that, in the Grammar Game, iteration time was

positively associated with enjoyment (r = .56, p < .01), competence (r = .41,

p = .05), and engagement (r = .46, p < .05). Time spent on the help panel was

also positively correlated with retention gain (r = .61, p < .01). These relationships

were absent in the Body Parts Game, suggesting deeper cognitive engagement in

rule-based tasks.

Taken together, these findings highlight the potential of inference-based tasks to

promote deeper engagement, self-reflection, and stronger retention when paired with

an interactive peer robot. The positive associations between interaction time, help

usage, and learning outcomes suggest that rule-inference tasks may better support

reflective learning processes, an effect not observed in the more memorisation-focused

Body Parts Game.

4.5 Discussion

4.5.1 Interactive RL as a Cognitive Model for Peer-Learning

Robots

The results show that children effectively adopted the role of tutor by consistently

providing accurate feedback to the robot, in line with prior work showing that children

can successfully guide a robot’s learning using evaluative feedback, demonstrating

their attentiveness and ability to self-evalaute the robot’s learning [158, 295]. In

the Body Parts Game, children became more efficient over time, as shown by the

decreasing response time across iterations. This mirrors previous findings in LbT
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research, where repeated tutoring interactions help learners refine their understanding

through practice and self-monitoring [79, 232].

The observed reduction in help panel usage further suggests that children grew

more confident in their role and increasingly relied on their own knowledge. This

behavioural adaptation indicates that the Interactive RL setup supported sustained

tutoring engagement, particularly in tasks that allowed for progressive skill develop-

ment. By contrast, this adaptation was not observed in the Grammar Game, where

help panel usage remained relatively stable. One possible explanation is that the

task may have been more challenging for this age group, as it introduced multiple

unfamiliar words and grammatical forms. Although this was not reflected in the

self-reported difficulty ratings, it may have led children to rely more consistently on

the help panel for support [25, 232].

Overall, these findings indicate that children were able to take on the tutor role

effectively, responding to the robot’s learning needs and adjusted their behaviour

accordingly, with clearer signs of adaptation emerging in tasks that focused on

straightforward recall.

4.5.2 Learning-by-Teaching Enhances Engagement and Re-

tention

This study explored the impact of teaching a social robot versus independent practice,

with a focus on learning outcomes and engagement. An important finding of this

study is that the presence of a social robot did not distract children or hinder

their learning. In contrast to previous work suggesting that robots may reduce

task focus or interfere with performance in educational settings [135], children in

the LbT condition maintained or even exceeded the learning gains observed in the

Self-Practice condition. This suggests that when appropriately framed as a peer

learner, a robot can serve as a productive learning partner rather than a source of

distraction.

While overall learning gains were higher in the LbT condition, the difference

was not statistically significant across both tasks. One possible explanation is that

69



4.5 Discussion

children had already begun consolidating knowledge prior to the intervention. During

both the familiarisation and teaching sessions, children were told they would be

teaching the robot, which may have prompted them to prepare mentally for that

role. Prior research has shown that even the act of preparing to teach, without

actually teaching, can enhance learning outcomes [25, 147]. This preparatory effect

may have benefited both groups and reduced the observable difference during the

main intervention.

Despite this, children in the LbT condition achieved significantly higher retention

in the Body Parts Game, indicating a positive long-term effect of teaching the robot.

The social nature of the interaction likely contributed to this outcome. Prior work

has shown that physically embodied agents can enhance learning through increased

engagement and attention [162, 135, 164], particularly when they combine gesture

and verbal feedback [279]. The robot’s behaviour may have activated a sense of

responsibility in the child, consistent with the Protégé Effect, which suggests that

learners put more effort into mastering material when they are teaching someone

else [46].

This interpretation is further supported by behavioural data. Children in the

LbT condition spent more time per iteration and used the help panel more frequently,

especially in the Grammar Game, where help usage was positively correlated with

retention. These patterns suggest that teaching the robot promoted active review

and reflection during the task, consistent with prior findings that tutoring a social

agent can encourage metacognitive engagement [232, 25].

In sum, children teaching the robot demonstrated higher engagement and stronger

retention, and importantly, the robot did not distract from learning. On the contrary,

it appeared to support sustained interaction and reflective behaviour, particularly in

tasks that required greater attention or review.

70



4.5 Discussion

4.5.3 Children with Lower Prior Knowledge Benefit More

from Learning-by-Teaching

The results also indicate that prior knowledge played an important role in shaping

learning outcomes, particularly in the LbT condition. In both the Body Parts and

Grammar tasks, students with lower pre-test scores (Low-Baseline) achieved greater

learning gains than their higher-performing peers. This difference was statistically

significant in the Body Parts Game for both post-test and retention scores, while a

similar, but non-significant, trend was observed in the Grammar Game.

These findings are consistent with earlier research suggesting that learners with

lower prior knowledge benefit more from LbT, as the process encourages them to

engage in self-explanation and error correction [25, 232]. Teaching the robot may

have given these students structured opportunities to reflect on their understanding,

helping them identify gaps and reinforce core concepts through interaction.

Interestingly, this pattern was not observed in the Self-Practice condition, where

no clear differences emerged between Low- and High-Baseline students. This suggests

that students with weaker initial knowledge may not have engaged as deeply with

the material when working independently. In contrast, the interactive and social

nature of LbT may have acted as a scaffold that supported deeper engagement for

this group.

It is also important to consider that High-Baseline students had less room for

improvement due to their already strong prior knowledge, which may have contributed

to their smaller gains, a common ceiling effect in learning research.

Together, these findings show that LbT was particularly beneficial for children

with lower prior knowledge, enabling them to achieve greater gains than would be

expected through self-guided practice alone.
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4.5.4 Rule-Inference Tasks Promote Deeper Engagement in

Learning-by-Teaching

The findings also suggest that the type of learning task shaped how children engaged

with the LbT interaction. In particular, children who completed the Grammar Game

reported significantly higher engagement than those who played the Body Parts

Game. This may reflect the greater complexity of the grammar task, which introduced

unfamiliar structures and required children to infer rules. Although cognitive demand

was not directly measured, this result aligns with research showing that effortful

learning can increase engagement and satisfaction when learners perceive that they

are making progress [27].

Despite this, no significant differences were found between the two tasks in terms

of self-reported enjoyment or perceived competence, likely due to ceiling effects in

the questionnaire responses, as previously discussed.

While overall interaction time and help usage did not differ significantly between

tasks, correlational analyses revealed clear differences in how children engaged. In

the Grammar Game, time spent per iteration was positively associated with reported

enjoyment, competence, and engagement. Moreover, time spent on the help panel

was strongly correlated with retention gain. These associations were not observed in

the Body Parts Game, suggesting a more reflective learning process in the grammar

task.

These patterns point to deeper cognitive engagement in the Grammar Game,

possibly due to the need for rule-based reasoning rather than simple recall. This

interpretation is supported by earlier research indicating that LbT is especially

effective for tasks that involve higher-order thinking, such as conceptual understanding

and problem-solving [25, 232]. The lower and decreasing use of the help panel in the

Body Parts Game further suggests that it relied more on rote memorisation, which

may not require the same level of review or reflection during the activity.

Overall, the Grammar Game seemed to promote higher engagement and deeper

learning processes, as reflected in help panel usage and its association with retention.

72



4.6 Limitations and Future Work

However, due to ceiling effects in self-reported measures, we cannot draw firm

conclusions about whether children perceived the task as more effective or enjoyable.

4.6 Limitations and Future Work

While this study offers valuable insights into the impact of LbT with a social robot

in a real classroom setting, several limitations should be acknowledged.

First, the study was conducted in a single UK primary school with a specific

age group and curricular context. This may limit the generalisability of the findings

to other educational settings, age ranges, or student populations. Future research

should seek to replicate the experiment across multiple schools, including those with

diverse socio-economic backgrounds and varying levels of technological familiarity, in

order to assess the robustness and broader applicability of the results.

Second, the study relied on self-report measures of engagement, enjoyment, and

perceived competence. These measures showed signs of ceiling effects, which are

common in child-focused research and may have reduced the sensitivity to detect

differences between conditions [76]. Although the use of child-friendly Likert scales

was necessary to ensure accessibility, future studies could benefit from incorporating

more objective or multimodal indicators of engagement, such as gaze tracking, facial

expression analysis, or speech features, to gain a more nuanced picture of children’s

experiences [2].

In addition, although the tasks were co-designed with teachers to align with

curriculum goals, it is possible that the Grammar Game was more cognitively

demanding or less developmentally appropriate for some children. While no differences

were reported in perceived difficulty, the need for sustained help usage and slower

interaction patterns may reflect task complexity that warrants closer examination in

future work.

Finally, while this study evaluated the effectiveness of Interactive RL as a mech-

anism for peer-like robot learning, it did not compare this model to alternative

approaches such as scripted behaviours, Wizard-of-Oz control, or different learning

frameworks. Future research could investigate how different levels of robot autonomy
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and learning transparency affect children’s teaching behaviour, learning outcomes,

and perceptions of the robot.

Together, addressing these limitations can help refine the design and deployment

of teachable robots in educational contexts, and contribute to the development of

more adaptive, inclusive, and scalable Learning-by-Teaching systems.

4.7 Summary

This chapter presented a classroom-based study evaluating the use of Interactive RL

as a cognitive model for peer-like social robots in primary education. By enabling the

robot to learn from children’s evaluative feedback in real time, the study explored

how LbT could be implemented beyond controlled laboratory settings.

The findings demonstrated that children were able to tutor the robot effectively,

providing accurate and consistent feedback while adjusting their behaviour over

time. This supports the feasibility of Interactive RL as a mechanism for sustaining

bi-directional teaching interactions in naturalistic classroom environments.

Children in the LbT condition achieved significantly higher retention gains in the

vocabulary task and showed greater behavioural engagement across both learning

activities. The study also revealed that children with lower prior knowledge benefited

most from teaching the robot, suggesting that this approach may serve as a form of

personalised scaffolding that supports educational equity.

Task type was found to influence the quality of the interaction: the rule-inference

Grammar Game elicited higher engagement, more reflective behaviour, and stronger

associations with retention, compared to the memorisation-based Body Parts Game.

These results underscore the importance of cognitive task design when implementing

robot-mediated learning.

Beyond learning outcomes, the study also demonstrated the practical viability of

deploying multiple autonomous robots in real classrooms with minimal experimenter

intervention. This contributes to the growing body of evidence supporting the

integration of adaptive, socially interactive robots into everyday educational practice.
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Together, these findings highlight the potential of Interactive RL to move beyond

scripted behaviours, enabling robots to act as more responsive learning partners that

may support deeper engagement, personalised learning, and classroom integration in

real-world educational settings.
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Chapter 5

Impact of Involvement on Trust

Toward Robots

"Why, sometimes I’ve believed as many as six impossible things before

breakfast."

- Lewis Carroll, Through the Looking-Glass

5.1 Introduction

The previous chapter presented an interactive RL framework implemented in a

real-world classroom setting, where children taught a social robot and demonstrated

improved retention and engagement. While those findings focused on cognitive and

learning outcomes, they nonetheless raise important considerations for the future

deployment of such systems, particularly regarding how children might perceive and

evaluate a learning robot as a social and epistemic partner. This chapter extends that

line of inquiry by examining how different levels of user involvement in teaching the

robot influence perceptions of anthropomorphism and trust (affective, cognitive, and

epistemic). In doing so, it investigates the psychological mechanisms that underlie

users’ relational stance toward the robot, and how individual differences mediate

these effects. The chapter presents the experimental results and offers a detailed

analysis of the social-cognitive dimensions of trust in human-robot interaction.
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5.2 Study Motivation & Research Questions

Social bonds and trust are fundamental to children’s development and learning. From

early childhood, children begin forming affective and cognitive trust with their peers,

which support cooperation, emotional sharing, and effective communication [110].

Affective trust refers to an emotional bond characterised by feelings of closeness, safety,

and interpersonal care. It is associated with attitudes about an agent’s perceived

warmth and benevolence. In contrast, cognitive trust rests on more knowledge-driven,

reasoned judgments regarding an agent’s reliability, competence, and trustworthiness

of intentions [223, 179, 187, 159].

Developmental studies show that by age three, children begin forming affective

trust by starting to show preferences for certain peers, gradually deepening friendships

through reciprocal sharing and confiding in one another [110]. Cognitive trust

develops in parallel as children’s theory of mind and social reasoning improve,

allowing them to evaluate whether peers act with integrity and consistency [35, 105].

This trust is often stronger for familiar friends compared to unknown or disliked

peers [39].

In the context of social robotics, presenting robots as peers can elicit similar

trust-related responses. Children have been observed to form emotional bonds with

robots [123]. In a study conducted by Turkle et al, [269], children expressed a desire

to nurture or be nurtured by the robot, leading to attachments that extended beyond

simple interaction. While these social bonds can enhance learning engagement, they

also raise ethical questions about the nature and consequences of such attachments.

Beyond affective and cognitive trust lies epistemic trust; the trust placed in others

as reliable sources of knowledge [145, 40, 257]. This form of trust is particularly

critical in learning scenarios, as it influences whether children accept information as

truthful and worthy of integration into their understanding [146]. Research indicates

that preschoolers begin to demonstrate selective epistemic trust from around age

three, with a more consistent preference for accurate and knowledgeable informants

emerging by age four [146]. This extends to social robots as well; studies have

shown that children are capable of discerning the reliability of robots as information
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sources. For instance, research indicates that children aged five prefer to learn from

a competent robot over an incompetent human, highlighting their ability to evaluate

epistemic characteristics independently of social cues [260].

However, the dynamics of epistemic trust towards peer-like robots remain un-

derexplored. While children may assess a robot’s competence, the nature of their

involvement in the learning process is likely to influence how trust develops. Involve-

ment has been theorised as a critical determinant of psychological ownership, since

the more a user invests effort and personal input into shaping a system, the stronger

their sense of “this is mine” becomes [157]. Empirical work in HRI supports this

view, showing that active contribution to a robot’s behaviour can enhance users’

feelings of control and self-investment [156, 154, 155].

In educational contexts, active teaching has been shown to enhance trust in a

robot’s knowledge and capabilities [56]. One mechanism that may underlie this effect

is psychological ownership, which has been linked to trust: when users feel that a

system reflects their own input and aligns with their intentions, they are more likely

to regard it as reliable and trustworthy [212, 157] Conversely, the risk of misplaced

or excessive trust raises important ethical considerations, especially when learners

attribute epistemic authority to a system that remains fallible [248].

The growing prominence of generative AI technologies, such as conversational

agents, tutoring systems, and educational tools, that increasingly interact with

children underscores the urgent need to study epistemic trust [167, 31]. Children are

exposed to AI systems capable of generating information, advice, and creative content,

making it essential to understand how they evaluate the reliability of these sources

and how their involvement with such systems influences their trust and learning

outcomes. Importantly, a moderate level of trust in the robot is beneficial, as it

enables children to engage effectively in learning with and from their peer-like robotic

companions [278]. However, trust must also be calibrated appropriately. Excessive

trust may lead individuals, including children, to uncritically accept misinformation

or over-rely on the robot, while insufficient trust may prevent them from considering

the robot as a valuable learning partner at all.
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Therefore, this chapter explores how varying degrees of involvement in teaching a

peer-like robot influence the development of epistemic trust, psychological ownership,

and broader trust dynamics. While the present study was conducted with adults, the

findings are intended to inform the design of future child–robot educational contexts,

where these constructs are most relevant.

To address these gaps, the present study investigates how different levels of

involvement in teaching a peer-like robot shape users’ perceptions of trust and

ownership. Specifically, the following research questions are posed:

• RQ3.1: Does participant involvement in a robot’s RL process in-

fluence determinants of psychological ownership (PO) and overall

psychological ownership toward the robot?

This question investigates whether actively teaching the robot increases users’

sense of ownership and connection to it. Prior work shows that when people

are involved in shaping a system, they are more likely to feel it is “theirs”

[156, 71]. Psychological ownership theory explains this by identifying three

key determinants: control, percieved knowledge, and self-investment [212, 129].

When these are present, people not only feel more responsible for the system

but also more motivated and emotionally attached to it [68, 204, 251, 21].

This study therefore examines how involvement in teaching influences these

ownership dynamics.

• RQ3.2: Does participant involvement in the robot’s RL process affect

anthropomorphism of the robot?

This question investigates whether increased involvement in teaching the robot

enhances perceptions of its human-like qualities. Anthropomorphism in HRI is

often described through dimensions such as autonomy (the robot’s ability to

act independently) [83], sociability (its capacity for social interaction) [191],

agency (attributions of intentionality and goal-directedness) [103], and animacy

(the sense of being alive or lifelike) [87]. Greater engagement may amplify these

motivations, fostering stronger anthropomorphic perceptions that, in turn,

can support the development of trust [107, 108, 226, 28]. This study further
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examines whether increased involvement in teaching reduces perceived distur-

bance, the extent to which the robot is experienced as distracting, intrusive, or

disruptive to the task.

• RQ3.3: Does participant involvement influence trust toward the

robot? This question examines whether greater involvement in teaching the

robot leads to increased trust, encompassing affective trust , cognitive trust,

and epistemic trust. Prior research suggests that active engagement shapes

trust indirectly, by fostering self-investment, perceived control, and social

connection, which are known to support these dimensions of trust [157]. This

study hypothesises that greater involvement in the robot’s RL process will lead

to higher trust toward the robot.

5.3 Methodology

5.3.1 Participants

An a priori power analysis for t-tests with Bonferroni correction was conducted using

G*Power (effect size d = 0.50, power = 0.80, α = 0.0167), indicating a required

sample size of 144 participants to detect medium effects across multiple comparisons.

Participants were recruited at Bielefeld University (Germany). Initially, data were

collected from 145 participants. The final sample comprised 143 adult participants

(91 females, 36 males, 4 others, 3 preferred not to say; Mage = 25.22, SDage = 7.41)

who met the inclusion criteria: at least 18 years old, native or fluent German speakers,

normal color vision, no outlier responses (>3 SD) in more than 5% of variables of

interest, and complete questionnaire responses.This study was therefore conducted

with an adult population to allow for a controlled investigation of involvement and

trust dynamics. While this approach provides internal validity, the findings may

not directly generalise to children, whose developmental differences could alter these

processes. Future research is needed to examine how these dynamics unfold in

child–robot educational contexts.
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5.3.2 Experimental Task

Participants were invited to engage in a reasoning game involving the completion of

a card sequence, supported by a social robot, as illustrated in Figure 5.1. Each card

featured a geometric shape (circle, square, or triangle) in one of four possible colours

(red, blue, green, or yellow). Only the first card in the sequence (card 0) was visible;

all subsequent cards were concealed.

The task was governed by two abstract rules: one dictating the order of colours

and the other the order of shapes. These rules were displayed for 30 seconds prior

to the beginning of each trial. This time constraint was introduced to ensure

participants engaged with the task without relying on continuous visual support,

while also limiting the likelihood of ceiling effect [61]. Once the task began, the rules

could not be reviewed anymore.

The characteristics of the task were determined through a pre-study involving 90

participants. In this preliminary investigation, variations in sequence length and the

presence or absence of a memorisation component were systematically examined. The

configuration that was ultimately selected was one which induced a neutral perception

of the task, while maintaining a balanced cognitive load; sufficiently challenging to

avoid ceiling effects, but not so demanding as to produce disengagement from the

task. This balance was considered necessary to reliably measure epistemic trust.

Each sequence began with the single visible card, followed by a grey placeholder

representing skipped cards (four cards), and then several black cards which par-

ticipants were required to complete, as showed in Figure 5.1. From the first black

placeholder onward, participants were instructed to infer both the shape and colour

of each card based on their understanding of the two rules previously shown.

To enable the evaluation of epistemic trust, the robot was programmed to

follow a colour rule that differed from the one provided to participants, as shown

in Figure 5.2. This rule mismatch was not disclosed. Consequently, the robot’s

suggestions occasionally coincided with participants’ answers, but diverged in some

trials. This manipulation allowed the assessment of whether participants would
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Figure 5.1: Reasoning game used to assess epistemic trust, where participants inferred
missing cards based on colour and shape rules.

Figure 5.2: Illustration of the rule mismatch in the card reasoning game, showing the
participant’s rule, the robot’s rule, and the correct answer.

accept or reject the robot’s responses, even when those conflicted with the logic they

had remembered, thus serving as a behavioural measure of epistemic trust.

Following each participant response, the robot provided its own answer. Partici-

pants were then given the opportunity to revise their answer in light of the robot’s

suggestion.

This interaction design enabled the examination of participants’ trust-related

behaviours, particularly the degree to which their decisions were influenced by the

robot’s differing input.
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5.3.3 Experimental Conditions

A between-subjects design was employed to investigate how different levels of user

involvement in teaching a robot to discriminate shapes affected participants’ psycho-

logical ownership, anthropomorphism, and trust. The four experimental conditions

systematically varied the degree to which participants contributed to the robot’s

reinforcement learning of basic shapes (circle, square, triangle), ranging from no

involvement to direct hands-on teaching. This manipulation was grounded in the hy-

pothesis that greater involvement in shaping the robot’s behaviour would strengthen

participants’ beliefs about its cognitive competence, and thereby increase their will-

ingness to treat its input as epistemically valid during the subsequent reasoning task

involving the same shape categories (see Section 5.3.2).

The four conditions were defined as follows:

• Control condition: Participants in this condition received no information

about the robot’s learning process or its perceptual abilities. They engaged in

an unrelated filler task while the robot was purportedly being trained out of

sight.

• Low Involvement condition: Participants were told that the robot had

undergone a training process to learn about shapes, but were not shown how it

occurred. This condition provided minimal informational access to the robot’s

learning.

• Medium Involvement condition: Participants observed the robot being

trained by the experimenter to learn about shape. They were able to see the

learning procedure and how the robot responded to feedback, without directly

participating in the training.

• High Involvement condition: Participants actively trained the robot them-

selves by providing corrective feedback through a reinforcement interface. They

guided the robot in learning to discriminate shapes, thereby playing a direct

role in shaping its behaviour.
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Participants were randomly assigned to one of the four conditions. The final

sample included 37 participants in the control condition, 38 in the low involvement

condition, 33 in the medium involvement condition, and 35 in the high involvement

condition.

5.3.4 System Implementation

For the experimental conditions involving training,a desktop interface connected to a

NAO robot was implemented [101], with all components developed in Python. The

shape learning task was modelled as an MDP, and the robot was trained using the

Interactive RL framework introduced in Chapter 3. In this setup, the robot selected

one of two shapes based on a target label, pointed toward it, and vocalised its choice.

Human feedback, provided through the interface, was encoded as binary evaluative

signals and used to update the robot’s policy in real time, until convergence to the

the optimal policy (≃ 15iterations).

In the subsequent reasoning game, the robot’s behaviour was fully scripted and

identical across all conditions, ensuring that any differences in trust-related behaviour

could be attributed to participants’ prior involvement in the training phase rather

than to variation in the robot’s performance. To assess epistemic trust, the robot’s

responses included both correct and systematically biased suggestions (see Figure 5.2),

allowing to examine whether participants would accept or reject its input when it

conflicted with the learned rules. In addition, participants explicitly rated how likely

they believed the robot’s answers were correct for both colour and shape trials.

5.3.5 Procedure

The study was conducted individually in a quiet room at Bielefeld University. Upon

arrival, participants were welcomed, provided with an information sheet, and asked to

give informed consent. They were then seated in front of a computer and introduced

to the NAO robot.

All participants began with a short familiarisation phase in which the robot

introduced itself, performed simple movements, and invited participants to imitate
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its gestures. This was intended to reduce novelty effects and establish a minimal

level of comfort.

Participants then entered the training phase, where the level of involvement

with the robot’s shape-learning task varied according to the assigned condition (see

Section 5.3.3). To control for time-on-task, participants in the low involvement and

control conditions completed a filler memory game of equal duration, using card

stimuli drawn from the later reasoning task.

Finally, all participants completed the reasoning game described in Section 5.3.2,

followed by questionnaires and a debriefing.

5.3.6 Measures

A combination of self-report questionnaires and behavioural data was used to assess

participants’ perception of the robot, psychological responses to the interaction, and

epistemic trust during the reasoning task. Unless otherwise specified, all Likert items

were rated on a 7-point scale.

Manipulation Check

To assess whether the experimental manipulation had the intended effect, participants

completed a questionnaire immediately after the training or filler task.

• Perceived user involvement: measured using five self-generated items to

evaluate the participants’ sense of contribution and influence regarding how

the robot functioned.

• Perceived robot autonomy: assessed using four self-generated items based

on the definition of autonomy by Beer et al. [22].

Dependent measure (pre-test)

Following the manipulation check, participants completed a set of self-report measures

designed to assess the psychological effects of the experimental manipulation prior to

engaging in the reasoning task. These measures were included to capture participants’
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subjective responses to the interaction and their relationship with the robot at that

point in the study.

• Determinants of Psychological Ownership: Two items for perceived

control, two items for self-investment, and three items for perceived knowledge

were used, all adapted from Delgosha and Hajiheydari [71].

• Psychological Ownership: Three items based of sense of psychological

ownership from [71], adapted from [272] to HRI context, and three items

adapted from [139] taping self-extension.

• Perceived closeness: This was assessed using the Inclusion of Other in the

Self (IOS) scale [12] It consists of a single-item pictorial measure of interpersonal

closeness. Participants were asked to select the image that best represented

the relationship between themselves and the robot, with overlapping circles

indicating higher perceived closeness.

• Antropomorphism: 16 items of Human-Robot Interaction Evaluation Scale

(HRIES) [256].

• Cognitive and affective trust toward robots: 20 items from the Multi-

Dimensional Measure of Trust (MDMT) scale [177].

Behavioural Measure (during the game)

During the reasoning task, participants responded to several in-game prompts

designed to capture both behavioural and self-reported indicators of epistemic trust

and task-related confidence, for each itteration.

• Conformation to the robot’s suggestion: measured on trials where the

robot’s answer was intentionally incorrect. On these trials, participants’ final an-

swer was compared to their initial response to determine whether they changed

their answer to match the robot’s suggestion. Responses were categorised

as: full conformation (both shape and colour changed to match the robot),
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conformation for shape only, conformation for colour only, or no conformation.

This measure served as the primary behavioural indicator of epistemic trust.

• Perceived confidence in the robot’s answer: After each trial, participants

rated how confident they were in the correctness of the robot’s suggestion, with

one rating for shape and one for colour, on a 7-point Likert scale.

Dependent measures (post-task)

Following the reasoning task, a set of control measures was administered to account

for potential individual differences in task performance and technology perception.

• Self-confidence in task performance: assessed using a single self-generated

item, asking participants how confident they were in the correctness of their

answers throughout the reasoning task.

• Prior experience with robots: measured using three items adapted from

[222], capturing participants’ familiarity and past interactions with robotic

systems.

• Affinity for technology interaction: measured using the 9-item ATI scale

[93], which assesses individuals’ general tendency to interact with and enjoy

using technology.

• Task workload: assessed using a shortened version of the NASA Task Load

Index (NASA-TLX) [109], excluding the physical effort item. The result-

ing five-item version captured perceived mental demand, temporal demand,

performance, effort, and frustration.

• Tendency to anthropomorphise: measured using the 15-item Individual

Differences in Anthropomorphism Questionnaire (IDAQ) [285].

• Need for cognition: assessed using the 6-item NCS-6 short form [170],

which captures individuals’ tendency to engage in and enjoy effortful cognitive

activities.
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• Need for closure: measured using 15 items from the scale developed by [228],

targeting participants’ desire for certainty and aversion to ambiguity.

• Demographic variables: included age, gender, education level, employment

status, and German language proficiency.

In addition, participants in the high involvement condition answered two self-

generated items asking whether they believed their feedback had been accurate

during the training phase, and if not, whether this had been intentional. Finally,

two open-text questions were included to assess attention and potential suspicion

regarding the true purpose of the study.

5.4 Results

5.4.1 Effects of User Involvement on Perceived Ownership,

Control, Knowledge, and Closeness

This section investigates whether varying levels of user involvement in the robot’s

learning process influenced participants’ perceptions of self-investment, control,

knowledge, ownership, and closeness. Descriptive statistics for all variables across

the four experimental conditions are summarised in Table 5.1. Inferential statistics

are presented below.

Perceived Self-investment. A one-way ANOVA revealed a significant effect

of condition on self-investment, F (3, 139) = 12.20, p < .001, η2 = .21. Planned

contrasts indicated that participants in the high-involvement condition reported

significantly greater self-investment than those in the combined medium, low, and

control conditions, t(139) = 5.48, p < .001, r = .42. The comparison between the

medium-involvement condition and the combined low and control conditions was

only marginally significant, t(139) = 1.75, p = .086, r = .17, as seen in Figure 5.3a.

An ANCOVA was conducted with prior robot experience and individual tendency

to anthropomorphise (IDAQ) entered as covariates. The analysis revealed a significant
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Table 5.1: Descriptive statistics for Psychological Ownership and its proposed deter-
minants across conditions. Values are reported as mean (std). Statistically significant
differences are highlighted in bold.

Variable High-Involvement Medium-Involvement Low-Involvement Control
Self-investment 3.10 (1.31) 2.06 (1.51) 1.53 (0.87) 1.57 (1.22)
Perceived Knowledge 2.30 (1.13) 2.46 (1.19) 1.90 (0.91) 1.93 (1.13)
Perceived Control 2.56 (1.31) 2.33 (1.16) 2.33 (1.37) 1.86 (1.18)
Closeness 1.51 (0.77) 1.45 (1.02) 1.50 (0.88) 1.38 (0.63)
Psychological Ownership 1.55 (0.55) 1.51 (0.55) 1.50 (0.44) 1.50 (0.65)

effect of condition on self-investment, F (3, 137) = 10.57, p < .001, η2
p = .19. Among

the covariates, robot experience was a significant positive predictor of self-investment,

F (1, 137) = 4.37, p = .038, η2
p = .03, and IDAQ also significantly predicted self-

investment, F (1, 137) = 8.85, p = .003, η2
p = .06.

Across all conditions, self-investment scores remained relatively low, though the

high-involvement group reported the highest mean (M = 3.10, SD = 1.31).

Perceived Control. Across all conditions, perceived control ratings were generally

low (see Table 5.1), suggesting a potential floor effect [61]. A one-way ANOVA

revealed no significant main effect of condition on perceived control, F (3, 139) = 1.88,

p = .136, η2 = .04. However, a planned contrast comparing the control condition to

all involvement conditions showed a significant difference, t(139) = −2.31, p = .024,

r = .19, indicating that participants in the control group experienced significantly

lower perceived control compared to those exposed to any level of involvement, as

depicted in Figure 5.3b. No significant differences emerged between the low and

medium/high involvement groups, t(139) = −0.44, p = .662, r = .04, nor between

the medium and high conditions, t(139) = −0.74, p = .464, r = .09.

To account for individual tendency to anthropomorphise, an ANCOVA was

conducted with IDAQ scores as a covariate. The effect of conditions remained

non-significant, F (3, 138) = 1.73, p = .164, η2
p = .04, while IDAQ emerged as a

marginal predictor of perceived control, F (1, 138) = 3.65, p = .058, η2
p = .03, with

higher anthropomorphism tendencies slightly associated with increased perceived

control (= 0.24).
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Figure 5.3: Boxplots illustrating the effects of involvement condition (Control, Low,
Medium, High) on (a) Self-Investment, (b) Perceived Control, and (c) Perceived Knowledge.
Scores range from 1 to 7. Significant contrasts are marked with brackets (*p< .05, ***p <
.001). Higher involvement levels were associated with greater self-investment and perceived
knowledge, while perceived control was significantly lower in the control group compared
to the others.

7

6

5

4

3

2

1

Control Low Medium High

S
c
o
r
e

Self-investment

***

(a)

7

6

5

4

3

2

1

Control Low Medium High

S
c
o
r
e

Percieved Control

*

(b)

7

6

5

4

3

2

1

Control Low Medium High

S
c
o
r
e

Percieved Knowlegde

*

(c)

Perceived Knowledge. Perceived knowledge scores were generally low across

all conditions (see Table 5.1). A one-way ANOVA revealed a marginal effect of

condition on perceived knowledge, F (3, 139) = 2.20, p = .091, η2 = .05. Planned

contrasts showed that participants in the medium involvement condition reported

significantly higher perceived knowledge than those in the low and control conditions,

t(139) = 2.26, p = .028, r = .21. No significant difference was observed between

the high involvement and other conditions, t(139) = 0.95, p = .344, r = .08, nor

between the low and control groups, t(139) = −0.10, p = .919, r = .01, as shown in

Figure 5.3c.

An ANCOVA was then conducted with robot experience and task workload

entered as covariates. The effect of condition was no longer significant, F (3, 137) =

1.99, p = .119, η2
p = .04. Both covariates were significant predictors of perceived

knowledge: robot experience, F (1, 137) = 5.31, p = .023, η2
p = .04, and task workload,

F (1, 137) = 6.91, p = .010, η2
p = .05, where higher robot experience and greater task

workload were associated with higher perceived knowledge.

Psychological Ownership. Psychological ownership scores were low across all

conditions (see Table 5.1). A one-way ANOVA revealed no significant effect of

condition on PO, F (3, 139) = 0.08, p = .973, η2 < .01.
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To ensure the robustness of the measure, an exploratory factor analysis was

conducted. The analysis indicated that the three self-extension items demonstrated

weak or inconsistent loadings (one loading below the conventional .40 threshold and

another showing cross-loadings), whereas the three core PO items [71] loaded strongly

(all > .80) on a single factor. A follow-up analysis using only the core PO items also

revealed no significant effect of condition, F (3, 139) = 0.60, p = .614, η2 = .01.

Given that prior robot experience was significantly correlated with the core PO

measure, an ANCOVA was conducted with robot experience entered as a covariate.

The effect of condition remained non-significant, F (3, 138) = 0.64, p = .588, but

robot experience emerged as a significant predictor of psychological ownership,

F (1, 138) = 4.46, p = .037, η2
p = .03, indicating that participants with more prior

exposure to robots reported slightly higher levels of ownership.

Perceived Closeness. Perceived closeness to the robot was low across all condi-

tions (see Table 5.1). A one-way ANOVA revealed no significant effect of condition on

IOS scores, F (3, 139) = 0.19, p = .902, η2 < .01. An ANCOVA was then conducted

with robot experience, affinity for technology interaction, and IDAQ scores entered

as covariates. The effect of condition remained non-significant, F (3, 136) = 0.20,

p = .895, η2
p = .004. Affinity for technology emerged as a significant positive pre-

dictor of perceived closeness, F (1, 136) = 8.46, p = .004, η2
p = .06, and tendency

to anthropomorphism was also significant, F (1, 136) = 3.99, p = .048, η2
p = .03,

indicating that participants with higher affinity for technology and stronger tendency

to anthropomorphise reported greater perceived closeness to the robot.

5.4.2 Effects of User Involvement on Anthropomorphisation

This analysis examined whether the level of user involvement in training the robot

influenced the degree to which participants attributed human-like qualities to the

robot, including autonomy, sociability, agency, animacy, and disturbance. Descriptive

statistics for all variables across the four experimental conditions are summarised in

Table 5.2. Inferential statistics are presented below.
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Table 5.2: Descriptive statistics for Anthropomorphism dimensions across experimental
conditions. Values are reported as mean (std).

Variable High-Involvement Medium-Involvement Low-Involvement Control
Perceived Autonomy 3.89 (1.20) 4.10 (1.25) 3.88 (1.38) 4.06 (1.14)
Perceived Sociability 4.83 (1.15) 4.84 (1.25) 4.66 (1.21) 5.07 (1.15)
Perceived Animacy 3.06 (1.01) 3.31 (1.17) 2.89 (0.97) 3.30 (1.00)
Perceived Disturbance 2.39 (1.09) 2.44 (1.35) 2.80 (1.41) 2.36 (1.33)

Perceived Autonomy. A one-way ANOVA revealed no significant effect of condi-

tion on perceived robot autonomy, F (3, 139) = 0.30, p = .826, η2 = .01. Across all

groups, perceived autonomy ratings remained relatively stable and centred around

the scale’s midpoint (Table 5.2), suggesting that the robot was generally viewed as

moderately autonomous.

Perceived Sociability. No significant effect of condition was found on perceived

sociability, F (3, 139) = 0.73, p = .538, η2 = .02. Sociability ratings were consistently

above average across conditions as seen in Table 5.2, indicating that the robot was

broadly perceived as sociable, irrespective of involvement level. An ANCOVA was

then conducted with affinity for technology interaction and need for closure entered

as covariates. The effect of condition remained non-significant, F (3, 137) = 1.03,

p = .383, η2
p = .02. Both covariates were significant predictors of perceived sociability:

affinity for technology, F (1, 137) = 16.82, p < .001, η2
p = .11, and need for closure,

F (1, 137) = 20.03, p < .001, η2
p = .13. Participants with higher affinity for technology

and greater need for closure perceived the robot as more sociable.

Perceived Agency. There was no significant effect of condition on perceived

agency, F (3, 139) = 0.24, p = .871, η2 = .01. Mean ratings were consistently above

the scale midpoint across all conditions (Table 5.2), indicating that the robot was

generally viewed as moderately agentic. An ANCOVA was then conducted with

tendency to antropomorphise and need for cognition entered as covariates. The effect

of condition remained non-significant, F (3, 137) = 0.85, p = .468, η2
p = .02. IDAQ

showed a marginal effect on percieved agency, F (1, 137) = 3.39, p = .068, η2
p = .02,

suggesting that participants with stronger tendency to anthropomorphise tended to
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attribute slightly higher agency to the robot. Need for cognition was not a significant

predictor, F (1, 137) = 0.46, p = .499, η2
p = .003.

Perceived Animacy. A one-way ANOVA showed no significant effect of condition

on animacy attribution, F (3, 139) = 1.35, p = .260, η2 = .03. Ratings were generally

low to moderate across conditions (Table 5.2), suggesting that the robot was not

strongly perceived as animate. An ANCOVA including IDAQ as a covariate revealed

a significant main effect of tendency to anthropomorphise on perceived animacy,

F (1, 138) = 7.62, p = .007, η2
p = .05, with higher IDAQ scores associated with

increased animacy ratings (β = 0.29). The effect of condition remained non-significant

when controlling for this covariate, F (3, 138) = 1.62, p = .187.

Perceived Disturbance. Conditions had no significant effect on perceived dis-

turbance, F (3, 139) = 0.89, p = .446, η2 = .02. Ratings were consistently below the

midpoint across conditions (see Table 5.2), indicating that the robot was generally

not perceived as disturbing. An ANCOVA was then conducted with robot experience

and affinity for technology interaction entered as covariates. The effect of condition

remained non-significant, F (3, 137) = 0.87, p = .458, η2
p = .02. Neither covariate was

a strong predictor of perceived disturbance: robot experience was not significant,

F (1, 137) = 1.64, p = .202, η2
p = .01, and affinity to technology showed only a

marginal effect on percieved disturbance, F (1, 137) = 3.46, p = .065, η2
p = .03, with

higher scores associated with slightly lower perceived disturbance.

5.4.3 Effect of Involvement on Trust toward Robots

This section investigates whether the level of user involvement in teaching the robot

influenced different forms of trust, including cognitive, affective, and epistemic trust.

Descriptive statistics for all variables across the four experimental conditions are

summarised in Table 5.3. Inferential statistics are presented below.

Cognitive Trust. A one-way ANOVA revealed no significant effect of conditions

on cognitive trust, F (3, 139) = 0.71, p = .551, η2 = .01. Across all conditions,
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Table 5.3: Descriptive statistics for Trust dimensions across experimental conditions.
Values are reported as mean (std).

Variable High-Involvement Medium-Involvement Low-Involvement Control
Cognitive Trust 4.06 (0.91) 3.95 (0.78) 4.02 (0.88) 4.24 (0.87)
Affective Trust 4.44 (1.10) 4.39 (1.10) 4.11 (1.00) 4.57 (1.17)
Epistemic Trust (shape) 5.61 (1.46) 5.57 (1.26) 5.33 (1.53) 5.91 (1.29)
Epistemic Trust (colour) 3.93 (1.45) 4.18 (1.39) 4.32 (1.11) 4.42 (1.24)

cognitive trust ratings were generally above the midpoint of the scale (see Table 5.3),

suggesting that participants perceived the robot as moderately competent regardless

of their level of involvement. An ANCOVA was then conducted with tendency to

anthropomorphise and need for closure entered as covariates. The effect of conditions

remained non-significant, F (3, 137) = 1.00, p = .397, η2
p = .02. Both covariates

were significant predictors of cognitive trust: IDAQ, F (1, 137) = 6.30, p = .013,

η2
p = .04, and need for closure, F (1, 137) = 11.75, p < .001, η2

p = .08. Participants

with stronger anthropomorphism tendencies and higher need for closure reported

higher levels of cognitive trust in the robot.

Affective Trust. A one-way ANOVA showed no significant effect of condition on

affective trust, F (3, 139) = 1.17, p = .322, η2 = .02. Ratings were generally above

the midpoint across conditions (see Table 5.3), indicating that participants tended to

perceive the robot as emotionally engaging, regardless of their level of involvement.

An ANCOVA was then conducted with affinity for technology interaction, IDAQ,

and need for closure entered as covariates. The effect of conditions remained non-

significant, F (3, 136) = 1.56, p = .201, η2
p = .03. However, all three covariates

significantly predicted affective trust: affinity for technology, F (1, 136) = 6.49,

p = .012, η2
p = .05; IDAQ, F (1, 136) = 6.69, p = .011, η2

p = .05; and need for closure,

F (1, 136) = 7.55, p = .007, η2
p = .05. Participants with higher affinity for technology,

stronger tendency to anthropomorphise, and greater need for closure reported higher

levels of affective trust in the robot.

Epistemic Trust (Robot’s Shape Suggestion). A one-way ANOVA found

no significant effect of condition on participants’ confidence in the robot’s shape

suggestion, F (3, 139) = 1.09, p = .356, η2 = .02. Across all conditions, epistemic
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trust ratings were generally high (see Table 5.3), indicating that participants tended

to express confidence in the robot’s shape suggestions regardless of their level of

involvement. An ANCOVA was then conducted with task performance and mental

workload entered as covariates. The effect of condition remained non-significant,

F (3, 137) = 1.21, p = .309, η2
p = .03. Performance was a strong positive predictor

of epistemic trust towards shapes, F (1, 137) = 15.17, p < .001, η2
p = .10, such

that participants with higher task performance reported greater confidence in the

robot’s shape suggestions. Mental workload showed a marginal negative effect,

F (1, 137) = 2.85, p = .094, η2
p = .02, indicating that participants who experienced

higher workload tended to express slightly lower epistemic trust.

Epistemic Trust (Robot’s Colour Suggestion). A one-way ANOVA showed

no significant effect of condition on participants’ confidence in the robot’s colour

suggestion, F (3, 139) = 0.91, p = .437, η2 = .02.

5.4.4 Relationships Between User Involvement, Ownership,

and Trust

To examine how user involvement impacts psychological ownership and how ownership

and trust relate to epistemic trust, a series of mediation and regression analyses were

conducted.

Mediation of User Involvement on Psychological Ownership. Three me-

diation models tested whether perceived self-investment, control, and knowledge

mediated the relationship between perceived user involvement and psychological

ownership.

User involvement significantly predicted self-investment (β = 0.55, p < .001, 95%

CI [0.42, 0.68]), and self-investment in turn significantly predicted psychological

ownership (β = 0.10, p = .002, 95% CI [0.04, 0.17]). The total effect of user

involvement on psychological ownership was also significant (β = 0.10, p = .002,

95% CI [0.04, 0.16]). When examining the direct pathway, that is, the effect

of involvement on ownership after controlling for self-investment, the effect was
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not significant (β = 0.06, p = .111, 95% CI [–0.01, 0.13]). The indirect pathway,

representing the effect of involvement on ownership through increased self-investment,

was also not significant (β = 0.04, p = .196, 95% CI [–0.02, 0.11]).

User involvement significantly predicted perceived control (β = 0.29, p < .001,

95% CI [0.15, 0.43]). However, perceived control did not significantly predict psy-

chological ownership when controlling for involvement (β = 0.07, p = .052, 95%

CI [–0.00, 0.14]). The total effect of involvement on psychological ownership was

significant (β = 0.10, p = .002, 95% CI [0.04, 0.16]), and the direct effect also

remained significant after accounting for perceived control (β = 0.09, p = .009, 95%

CI [0.02, 0.15]). The indirect pathway through perceived control was not significant

(β = 0.01, p = .336, 95% CI [–0.01, 0.04]), indicating that perceived control did not

mediate the relationship between involvement and ownership.

In contrast, for perceived knowledge, mediation was supported. User involvement

significantly predicted perceived knowledge (β = 0.22, p < .001, 95% CI [0.10, 0.35]),

and perceived knowledge in turn significantly predicted psychological ownership

(β = 0.18, p < .001, 95% CI [0.10, 0.26]). The total effect of involvement on

psychological ownership was significant (β = 0.10, p = .002, 95% CI [0.04, 0.16]).

The direct effect of involvement remained significant when controlling for perceived

knowledge (β = 0.06, p = .045, 95% CI [0.00, 0.12]), but was reduced in magnitude.

Importantly, the indirect effect of involvement on ownership through perceived

knowledge was significant (β = 0.04, p = .004, 95% CI [0.01, 0.08]), indicating that

perceived knowledge partially mediated the relationship between involvement and

psychological ownership.

Psychological Ownership as Predictor of Trust. Psychological ownership

significantly predicted both cognitive and affective trust. For cognitive trust, the

regression model was significant, F (1, 141) = 16.85, p < .001, with psychological

ownership positively predicting trust, β = 0.52, 95% CI [0.27, 0.76], R2 = .11. For

affective trust, psychological ownership also had a significant effect, F (1, 141) = 8.99,

p = .003, β = 0.49, 95% CI [0.17, 0.81], R2 = .06.
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Anthropomorphism as Mediator Between Autonomy and Trust. Media-

tion analyses tested whether anthropomorphism mediated the relationship between

perceived autonomy and trust.

Perceived autonomy significantly predicted anthropomorphism (β = 0.23, p <

.001, 95% CI [0.15, 0.31]), and anthropomorphism in turn strongly predicted cognitive

trust (β = 0.95, p < .001, 95% CI [0.80, 1.10]). The total effect of autonomy on

cognitive trust was significant (β = 0.29, p < .001, 95% CI [0.19, 0.40]). When

anthropomorphism was included in the model, the direct effect of autonomy on

cognitive trust was reduced but remained significant (β = 0.09, p = .043, 95% CI

[0.00, 0.18]). The indirect effect through anthropomorphism was also significant

(β = 0.20, p < .001, 95% CI [0.12, 0.30]), indicating partial mediation: autonomy

increased perceptions of anthropomorphism, which in turn enhanced cognitive trust.

Concerning affective trust, perceived autonomy significantly predicted anthropo-

morphism (β = 0.23, p < .001, 95% CI [0.15, 0.31]), and anthropomorphism strongly

predicted affective trust (β = 1.10, p < .001, 95% CI [0.90, 1.31]). The total effect

of autonomy on affective trust was significant (β = 0.33, p < .001, 95% CI [0.19,

0.47]). However, when anthropomorphism was included in the model, the direct

effect of autonomy on affective trust was no longer significant (β = 0.09, p = .124,

95% CI [–0.03, 0.22]). The indirect effect through anthropomorphism was significant

(β = 0.23, p < .001, 95% CI [0.14, 0.35]), indicating full mediation: the effect of

autonomy on affective trust was carried entirely by anthropomorphism.

Cognitive and Affective Trust as Predictors of Epistemic Trust. A multiple

regression was conducted to examine whether cognitive and affective trust predicted

epistemic trust, measured through participants’ confidence in the robot’s shape

suggestions. The overall model was significant, F(2, 140) = 3.38, p = .037. Affective

trust was a significant positive predictor (β = 0.39, p = .019), while cognitive trust

was not (β = –0.24, p = .256).

A second regression examined whether cognitive and affective trust predicted

confidence in the robot’s colour suggestions. The model was not statistically signifi-
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cant, F(2, 140) = 1.98, p = .142. Neither cognitive trust (β = 0.25, p = .214) nor

affective trust (β = 0.00, p = .983) were significant predictors.

A third model tested whether cognitive and affective trust predicted behavioural

conformation to the robot’s shape suggestions. The model was significant, F(2, 140)

= 3.70, p = .027, explaining 5.0% of the variance (R2 = .050). Cognitive trust

significantly predicted conformation (β= 0.033, p = .018), while affective trust was

not a significant predictor ( = –0.011, p = .301).

A final regression assessed whether cognitive and affective trust predicted be-

havioural conformation to the robot’s colour suggestions. The model was not

statistically significant, F(2, 140) = 0.94, p = .393, explaining 1.3% of the variance

(R2 = .013). Neither cognitive trust (β= 0.025, p = .357) nor affective trust β =

–0.001, p = .946) significantly predicted conformation in this context.

5.5 Discussion

5.5.1 User Involvement Promotes Self-Investment but Fails

to Elicit Psychological Ownership

This study hypothesised that greater involvement in teaching the robot would enhance

users’ sense of PO and its proposed determinants: self-investment, perceived control,

perceived knowledge, and closeness. The findings offered only limited support for

this hypothesis. Specifically, involvement significantly increased self-investment, but

no consistent effects were observed for perceived control, perceived knowledge, or

closeness.

Self-investment emerged as the most sensitive indicator to the manipulation of

involvement. Participants in the high-involvement condition reported significantly

greater self-investment than those in all other conditions. This finding aligns with

psychological ownership theory, which posits that dedicating more time and effort to

a target fosters a stronger sense of investment in it [211].

However, despite this statistical effect, absolute self-investment scores remained

relatively low across all conditions, indicating that participants only experienced
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a limited sense of investment in the robot. Individual differences, particularly

anthropomorphism tendencies and prior experience with robots, also influenced

self-investment. This suggests that self-investment is shaped by both situational

factors (such as the level of involvement) and dispositional factors (such as individual

tendencies), rather than reflecting a general state of engagement.

In contrast, perceived control was not significantly impacted by condition overall.

However, a planned contrast revealed that participants in the control condition

reported significantly lower control than those in any of the involvement conditions.

This suggests that even minimal involvement, or simply being informed about the

robot’s learning process, can bolster users’ sense of control. Still, this effect did

not scale linearly with involvement level, and control ratings were generally low,

potentially indicating a floor effect.

Perceived knowledge showed a marginal effect of condition, with high ratings

in both the high- and medium-involvement conditions. Although only the contrast

comparing medium involvement to the low and control groups reached statistical

significance, the high-involvement group also reported relatively high levels. These

findings suggest that user involvement, regardless of intensity, may foster a form

of metacognitive confidence. Indeed, perceived knowledge can be understood as

a metacognitive judgment, reflecting how individuals monitor and evaluate what

they or others know [91, 81, 148]. In the present context, being actively involved in

teaching the robot may have encouraged participants to monitor and reflect more

closely on the robot’s learning process, thereby enhancing their perceived knowledge.

Additionally, perceived knowledge was positively predicted by both mental workload

and prior robot experience, indicating that greater cognitive effort and familiarity

with robots jointly shaped how much knowledge participants attributed to the robot.

Mediation analyses further highlighted the role of perceived knowledge: while

involvement significantly predicted self-investment, control, and knowledge, only

perceived knowledge emerged as a significant mediator of psychological ownership,

with a significant indirect effect (β = 0.04, p = .004) alongside a direct effect. This

pattern contrasts with prior literature on psychological ownership, where perceived

control and self-investment are typically the most consistent predictors, while intimate
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knowledge plays a more variable role [186, 205]. In the present study, however, the

task explicitly involved teaching, which may have heightened participants’ focus on

knowledge as a salient dimension, thereby making perceived knowledge a stronger

route to ownership than is usually reported.

Despite initial expectations, perceived closeness to the robot was not significantly

influenced by involvement condition. Ratings were low across all groups, suggesting

limited social bonding. However, closeness was significantly predicted by participants’

affinity for technology, and marginally by anthropomorphism tendencies, indicating

that trait-level factors may play a larger role in shaping perceived closeness than

short-term task manipulations. One possible explanation is that individuals who

identify as technology enthusiasts may more readily form self–target associations

with robots, which facilitates feelings of closeness. Similarly, people who are more

prone to anthropomorphise are likely to attribute self-centric knowledge and qualities

to the robot, thereby fostering a stronger sense of relational closeness [83].

Similarly, psychological ownership was unaffected by the involvement manip-

ulation, with uniformly low scores across conditions. Exploratory factor analysis

indicated that the three “self-extension” items, often used to measure PO, showed

weak performance in this context, with one item loading below the .40 threshold

and another exhibiting cross-loadings. In contrast, the three core PO items loaded

strongly onto a single factor and demonstrated greater construct validity. However,

a follow-up analysis using only these core items also revealed no significant effect of

condition.

These findings suggest that while self-investment and perceived knowledge were

somewhat sensitive to involvement, the broader construct of psychological ownership

was not. Prior work highlights perceived control as a central antecedent of psycho-

logical ownership [297, 186], and several studies on customisation similarly show

that involvement enhances ownership primarily by increasing users’ sense of control

[157]. From this perspective, the present results run counter to theoretical expec-

tations: despite higher involvement, participants did not report greater perceived

control. A likely explanation is that the manipulation of involvement did not provide

participants with genuine decision power. Even in the high-involvement condition,
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participants mainly followed instructions to teach the robot the “correct” way, rather

than making autonomous choices about the robot’s learning. Without meaningful

choice, the sense of control required for ownership to emerge may have been limited.

Another likely factor is personal relevance, defined as the extent to which an

artefact resonates with a user’s goals, values, or sense of self [217]. Higher personal

relevance can increase the likelihood that users experience the artefact as “theirs,”

thereby strengthening psychological ownership. Although underexplored in HRI,

initial findings suggest that personal relevance may influence ownership [205]. In this

study, however, the robot was not presented in a way that connected to participants’

personal goals, which may have limited the emergence of PO regardless of involvement.

In sum, while user involvement influenced some proximal constructs, particularly

self-investment and perceived knowledge, these effects did not robustly translate

into stronger psychological ownership. This suggests that involvement alone may be

insufficient: to elicit meaningful PO in HRI, it may be necessary to provide users with

choice, foster personal relevance, or extend the duration and depth of the interaction.

5.5.2 User Involvement Does Not Affect Anthropomor-

phism, but Individual Traits Do

This study hypothesised that greater involvement in training the robot would lead

to increased anthropomorphism, based on the assumption that active engagement

fosters social presence and human-like attribution [83, 286]. Specifically, it was

expected that participants who taught or observed the robot’s learning process would

be more likely to perceive it as autonomous, sociable, agentic, and animate, and less

likely to view it as disturbing.

Despite the manipulation, anthropomorphic attributions remained stable across

conditions, with the robot generally perceived as moderately sociable and agentic,

but low in animacy and disturbance. It is possible that the short duration or the fact

that participants only taught the robot shapes, rather than engaging in a socially or

personally meaningful activity, limited the emotional engagement needed to alter

anthropomorphic perceptions.
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However, individual differences emerged as stronger and more consistent predictors.

The tendency to anthropomorphise significantly predicted agency and animacy, and

showed marginal effects for sociability, suggesting that individuals who are more

prone to attributing human-like traits to non-human agents also perceived the

robot as more human-like. This aligns with theoretical accounts indicating that

anthropomorphism reflects a stable disposition that varies across individuals and

persists across contexts [285, 151, 242].

The lack of relationship between tendency to anthropomorphise and disturbance

is particularly noteworthy. One might expect that a tendency to anthropomorphise

an entity would reduce feelings of unease, as familiarity and human-likeness are

generally associated with greater comfort. However, disturbance is thought to reflect

the uncanny valley [17]; a negative affective response that occurs when an agent is

neither fully mechanical nor convincingly human. In this case, NAO’s appearance

may have been too far from the human-likeness threshold to trigger such discomfort.

This could explain why disturbance ratings were low overall and unaffected by

anthropomorphism tendencies.

In addition to the tendency to anthropomorphise, other dispositional traits

predicted anthropomorphic perception. Affinity for technology was linked to higher

sociability and lower disturbance, while need for closure was positively associated

with sociability. Taken together, the results point to user traits as the primary drivers

of anthropomorphism, outweighing the effects of short-term involvement with the

system.

In addition to the tendency to anthropomorphise, other dispositional traits

predicted anthropomorphic perception. Affinity for technology was linked to higher

sociability and lower disturbance, while need for closure was positively associated

with sociability. This is consistent with the idea that individuals with a higher need

for closure,who prefer intuitive judgments and quick resolution, may be more likely

to anthropomorphise, using it as a heuristic or cognitive shortcut to make sense

of the robot as an entity [193]. Taken together, these findings point to user traits

as the primary drivers of anthropomorphism, outweighing the effects of short-term

involvement with the system.
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Sociability and agency ratings were consistently above average, indicating that the

robot was generally perceived as a capable and socially present partner, even though

these aspects were not directly manipulated in the study. In contrast, animacy ratings

remained low, underscoring the difficulty of eliciting life-like perception through task

interaction alone. Enhancing perceptions of animacy may require more expressive

motion, naturalistic behaviour, or emotionally congruent responses.

Overall, these findings indicate that anthropomorphic attributions are not easily

modulated through short-term involvement alone. Instead, they appear to be

anchored in individual predispositions, influenced by technology attitudes, cognitive

styles, and prior experience.

5.5.3 User Involvement Does Not Influence Trust, but Dis-

positional and Perceptual Factors Do

This study hypothesised that greater involvement in teaching the robot would enhance

participants’ trust across cognitive, affective, and epistemic dimensions. However,

the results provide no evidence that the level of involvement significantly influenced

any form of trust. Across all conditions, trust ratings remained relatively stable.

Cognitive and affective trust scores were consistently above the midpoint, while

epistemic trust was not significantly affected by involvement level. These findings

suggest that, in the context of a short, one-shot interaction, trust in the robot was

not sensitive to differences in how participants engaged with its learning process.

Instead, trust was more strongly associated with individual traits and perceptions

of the robot. For both cognitive and affective trust, anthropomorphism tendencies

and need for closure emerged as significant predictors. Higher NFC scores predicted

greater trust, consistent with the idea that individuals who prefer certainty may be

more inclined to adopt trust as a heuristic to reduce ambiguity and achieve closure

[153, 229]. This may reflect the motivational nature of NFC in reducing ambiguity:

trust, as conceptualised by Möllering [184], involves a "leap of faith" that bridges the

gap between known cues and unknown outcomes. Individuals high in NFC may be

more willing to make that leap in order to resolve uncertainty and establish a stable
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interpretation of the robot’s trustworthiness. Similarly, participants who more readily

anthropomorphised the robot were more likely to ascribe competence and emotional

warmth to it. This positive relationship between anthropomorphism and trust is

consistent with a broader body of research highlighting the role of human-likeness in

enhancing perceived reliability and rapport in HRI [28, 78, 226, 294].

Affinity for technology also contributed to affective trust, though its role was less

pronounced. However, affinity for technology did not significantly predict cognitive

trust in this study. Individuals with higher affinity for technology are more likely to

approach new systems with enthusiasm and openness, which can foster more positive

attitudes toward the robot and greater ease in interacting with it [227, 13]. This

dynamic tends to enhance affective trust, without necessarily influencing cognitive

trust. In contrast, cognitive trust tends to be shaped more by task performance,

explicit expertise cues, or perceptions of system functionality. This distinction aligns

with emerging findings in HRI research. For example, Cantucci et al. [41] found

that robot personality traits affected affective trust but did not significantly impact

cognitive trust or trust-based behaviour.

Additionally, a significant relationship was observed between psychological owner-

ship and trust, with participants who felt a stronger sense of ownership over the robot

reporting higher levels of both cognitive and affective trust. This finding aligns with

prior research suggesting that a sense of personal investment or identification with a

system can foster trust [71, 66, 155]. Moreover, perceived autonomy influenced trust

indirectly through anthropomorphism, which mediated the relationship for both

cognitive and affective dimensions. While autonomy alone did not strongly predict

trust, evidence suggests its effect may operate through perceived human-likeness or

social presence. For example, autonomy has been shown to moderate the translation

of competence into trust in robot contexts [41]. Robotic mind attribution / human-

likeness has also been linked to increased trust [65], and social presence is known to

foster trust in human-machine interactions by reducing uncertainty [194, 239].

In the case of epistemic trust, participants’ confidence in the robot’s shape

suggestions was not significantly affected by involvement condition. However, two
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psychological factors: self-confidence and mental workload strongly predicted confi-

dence in the robot’s shape suggestions.

Participants with greater confidence in their own reasoning were also more

confident in the robot’s responses. This pattern may reflect social projection, the

tendency to assume others think or perform similarly to oneself [225, 234]. Projection

effects are typically stronger toward ingroup members, and in this study the robot

was explicitly framed as a peer, which may have encouraged participants to treat it

as part of their ingroup. However, because the tendency to anthropomorphise did

not predict this effect, and anthropomorphism is often a prerequisite for perceiving a

robot as a peer or ingroup member, this interpretation remains tentative and requires

further confirmation.

Moreover, higher perceived workload was associated with lower epistemic trust.

This finding echoes prior work showing an inverse relationship between cognitive load

and trust in robots and automation. For instance, Ahmad et al. [1] observed that

participants engaged in a collaborative game with robots reported declining trust as

their cognitive load increased, indicating that mental demands limit the attentional

resources available to sustain confidence in a robot’s input. This interpretation is

consistent with cognitive engineering accounts, which conceptualise workload, trust,

and situation awareness as interdependent constructs. Parasuraman et al. [200] argue

that high workload reduces the attentional capacity required to monitor and evaluate

automated agents, thereby complicating the calibration of trust.

Importantly, cognitive and affective trust predicted epistemic trust differently

across contexts. For shape suggestions, affective trust emerged as the only signifi-

cant predictor of reported confidence in the robot’s answers, while cognitive trust

predicted behavioural conformation, suggesting that while participants may feel

confident due to emotional connection, actual behavioural deference is driven more

by competence-related beliefs. In contrast, neither form of trust predicted epistemic

trust for colour suggestions, likely reflecting participants’ detection of the robot’s

consistent inaccuracy in that domain. This divergence between reported confidence

and behavioural adaptation highlights the multi-layered nature of epistemic trust

and the importance of assessing both self-report and behavioural data.
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Finally, it is important to acknowledge a potential limitation related to the way

epistemic trust was measured in this study. Because the aim was to examine how

participants’ involvement in teaching a robot influenced their trust, the task used to

assess epistemic trust needed to directly reflect the concepts that participants had

taught the robot. This constraint ensured a meaningful link between the learning

interaction and the subsequent evaluation. However, it also meant that the epistemic

trust task was based on a simple classification activity, which may not fully capture

the complexity of epistemic trust as defined in the cognitive sciences. Future work

could draw on more established paradigms, such as Wason selection task [283], which

probe how individuals balance their own reasoning with external input, to provide a

richer assessment of epistemic trust in HRI.

Overall, these findings suggest that user involvement in robot learning may

not be sufficient to affect trust in the short term, especially when baseline trust

levels are already moderate to high. Instead, trust was more strongly shaped

by stable individual differences and inferred characteristics of the robot, such as

competence, familiarity, and autonomy. Future work should explore whether longer-

term interactions, collaborative learning, or higher-stakes decision contexts might

yield stronger effects of involvement on trust calibration.

5.6 Summary

This chapter examined how user involvement in a robot’s learning process influences

perceptions of anthropomorphism, PO, and different types of trust. Contrary to

expectations, increased involvement did not significantly affect anthropomorphic

attributions or trust levels. Instead, both anthropomorphism and trust were better

explained by individual traits such as the tendency to anthropomorphise, need for

closure, and affinity for technology.

Epistemic trust was similarly unaffected by involvement but was shaped by

participants’ cognitive state and disposition, with mental workload and self-confidence

playing key roles. Furthermore, the relationship between trust types and behavioural

outcomes was context-dependent: affective trust predicted confidence in the robot’s

106



5.6 Summary

suggestions, while cognitive trust predicted behavioural conformation, but only when

the robot’s performance was reliable.

While these results suggest that short-term involvement may not be sufficient to

modulate trust or anthropomorphism, they underscore the importance of tailoring

educational interactions with robots to individual learner profiles. Designing robot

systems that can detect and adapt to user traits may help foster more effective and

trustworthy learning environments. Future research should investigate whether more

prolonged, emotionally engaging, or high-stakes educational contexts lead to stronger

effects of involvement on trust and learning outcomes.
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Chapter 6

Teaching Robot through Natural

Language

[Epigraph removed for copyright reasons. Original source: A.A. Milne,

Winnie-the-Pooh (London: Methuen, 1926)]

6.1 Introduction

While earlier chapters explored how children can engage in teaching interactions with

social robots using evaluative feedback within an Interactive RL framework, these

interactions were primarily built around a single mode of communication. In contrast,

human teaching, particularly in child-led contexts, is inherently multimodal, involving

not just evaluation, but also correction and forward-looking guidance. To bridge this

gap, this chapter presents a novel framework that enables robots to interpret and

learn from multiple types of natural language advice using large language models.

The framework is evaluated in an HRI study comparing it to a baseline system

limited to evaluative input. The chapter explores whether this multimodal approach

improves learning efficiency, reduces teaching effort, and supports more natural and

personalised interactions, advancing toward the broader goal of developing peer-like

educational robots that adapt to diverse teaching styles.
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6.2 Study Motivation and Research Questions

The previous chapters showed that children can successfully teach robots through

Interactive RL using evaluative feedback. However, this architecture was limited to

processing a single input type, restricting the range of natural teaching behaviours

that children typically employ.

In practice, human teaching is rarely limited to one channel. Children and adults

alike tend to mix different kinds of feedback, shifting fluidly between evaluation,

correction, and guidance depending on the situation. These strategies emerge early

and adapt to the learner’s needs and context. Foundational work by Wood et

al. [293] demonstrated that adult tutors scaffold learning by flexibly adjusting their

instructional strategies to suit the child’s developmental stage, employing more

guidance with younger children and corrective or evaluative strategies with older

ones. Further studies have shown that even preschoolers are capable of providing

targeted feedback: by age four, children begin selecting informative evidence to guide

a learner’s understanding, including examples that help revise incorrect hypotheses

[19], and by age five, they begin to offer specific corrective input [231]. In peer

tutoring, older children adapt their teaching depending on the learner’s engagement,

offering clarification and guidance when needed [118]. Such behaviours have also been

observed in human-robot contexts. For example, it has been shown that children use

different strategies when teaching a robot versus a peer, offering more coaching and

responding to the robot’s questions and feedback [201].

Robots have likewise been shown to benefit from diverse forms of teaching signals.

In Interactive RL, evaluative feedback, typically in the form of scalar or binary

assessments of past actions, has been used to shape learning in the absence of

handcrafted reward functions [142]. Corrective feedback, where the appropriate

action is specified by the human, has been found to reduce exploration space and

accelerate convergence [44]. Guidance, in the form of anticipatory advice, has

been shown to be effective in steering learning, particularly in the early stages of

exploration [266]. Despite these individual successes, current Interactive RL systems

are typically limited to processing a single type of feedback, lacking the flexibility to
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accommodate the multimodal instructional styles naturally used by human teachers.

For example, it has been shown that both evaluative and corrective feedback improve

learning, yet these modalities were implemented through distinct mechanisms and

not integrated within a single framework [189]. Furthermore, a recent survey has

highlighted that most reinforcement learning from human feedback frameworks

remain narrowly scoped, focusing on scalar rewards, preferences, or demonstrations,

without generalising to more naturalistic and flexible forms of input [133]. This

fragmentation limits the capacity of current systems to support interaction protocols

that reflect the dynamics of real-world teaching [50].

Recently, efforts have been made to enhance RL by leveraging Large Language

Models (LLMs). Prior work has explored using LLMs to generate reward signals

through fine-tuning on user data [197, 14], guiding intermediate learning tasks with

linguistic instructions [102, 42], or formulating goal-conditioned rewards based on

semantic similarity between generated captions and desired goals [77]. While these

approaches demonstrate the potential of LLMs to enrich reinforcement learning,

they focus predominantly on offline or synthetic settings. To date, no studies

have investigated the use of LLMs for real-time interpretation of human advice in

Interactive RL contexts.

To address this gap, the ECLAIR framework (Evaluative Corrective Guidance

Language as Reinforcement) has been developed. ECLAIR leverages LLMs to

interpret free-form natural language feedback and classify it into structured categories:

evaluative, corrective, or guidance. These signals are then used to shape the robot’s

behaviour through tailored integration mechanisms. By supporting a unified model

for processing diverse feedback types, ECLAIR enables more natural, flexible, and

cognitively aligned teaching interactions.

The study is guided by the following research questions:

• RQ4.1: Does ECLAIR improve learning from human advice compared to

baseline approaches?

• RQ4.2: Is ECLAIR more feedback-efficient, requiring fewer teaching signals

to achieve comparable performance?
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Figure 6.1: Overview of the ECLAIR framework. Human natural language feedback is
processed using a large language model, which classifies the feedback into one or more
categories: evaluative, corrective, or guidance. Each type is then integrated into the
learning process using a dedicated shaping strategy.
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(1) Advice Interpretation (2) Advice Shaping

• RQ4.3: How sensitive is ECLAIR to variations in prompt structure, and how

do such variations affect advice interpretation?

Based on these questions, it was expected that (i) ECLAIR would lead to faster

convergence and higher task performance than single-modality Interactive RL, (ii)

fewer teaching signals would be needed to reach equivalent performance levels, and

(iii) performance would remain robust across prompt variations, with minimal impact

on classification accuracy or downstream learning.

6.3 The ECLAIR Framework

This section details the implementation of the ECLAIR framework, which enables

reinforcement learning from diverse forms of natural language feedback using LLMs

and tailored shaping strategies. Specifically, the framework operates in two stages: (1)

the interpretation of human advice using a language model, and (2) the integration

of this advice into the agent’s policy via shaping techniques. An overview of the

framework is provided in Figure 6.1.

6.3.1 Advice Interpretation

In the first phase of the framework, human-provided natural language feedback is

interpreted into a structured format that the robot can use. A pre-trained LLM is

prompted to serve as a feedback classifier. The model receives a structured prompt
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that includes task information, the robot’s previous action, and the verbal feedback

provided by the user. It is asked to output the interpreted advice in terms of three

possible feedback types:

• Evaluative feedback assesses whether the robot’s last action was correct or

incorrect.

• Corrective feedback specifies what the robot should have done instead.

• Guidance suggests what the robot should do in the next step.

The LLM is guided using a detailed system prompt that defines the task’s

structure (e.g., goal, action space) and the meaning of each feedback type. Few-shot

examples are included to improve interpretation accuracy. These examples show

how naturalistic feedback maps onto structured outputs, ensuring consistent and

semantically accurate classification. If the provided advice does not include one or

more of the feedback categories, the model is instructed to return None for that

category. The prompt used is provided in Appendix C.

Once the LLM generates a structured output, a parser extracts the interpreted

information and translates it into numerical values for downstream use. For instance,

evaluative feedback is converted into a binary reward signal, corrective feedback into

an alternative action label, and guidance into an action suggestion. If no feedback is

provided, the system proceeds without update.

This interpretation process is designed to operate in real time after the robot takes

an action and receives a response from the user, supporting continuous interaction

without rigid input constraints.

6.3.2 Advice Shaping

Following interpretation, the structured feedback is integrated into the robot’s

learning algorithm through different shaping strategies, depending on the type of

advice received.
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Evaluative Feedback. Previous studies have shown that evaluative feedback

is most effectively used as immediate information about the value of an action,

positioning it as an ideal candidate for directly modifying the action-value function

within the learning algorithm [116]. Similar to Knox et al.[143], the Q-augmentation

method is adopted to integrate the evaluative feedback, denoted as h, into the learning

process. For each observed state-action pair < s, a >, the Q-value is updated as

follows:

Q′(s, a) = Q(s, a) + α(h−Q(s, a)) (6.1)

where h is the human-provided evaluation and α is the learning rate, set empiri-

cally.

Corrective Feedback. When the robot selects an incorrect action, the corrective

feedback specifies the optimal action, denoted as ac, that would have been more

appropriate. For its integration into the learning process, a methodology paralleling

Q-augmentation is used; instead of altering the action-value of the observed state-

action pair < s, a >, the Q-value for the state and the optimal action < s, ac > is

updated. This method of adjustment is essentially equivalent to providing positive

feedback for the corrected action ac, encouraging its selection in the future. The

update is formulated as follows:

Q′(s, ac) = Q(s, ac) + α(1−Q(s, ac)) (6.2)

Guidance Feedback. Guidance is provided to steer the exploration strategy

toward the desired action of the user. Unlike evaluative and corrective feedback,

which influence the learning algorithm’s value estimations, guidance feedback directly

modifies the policy’s output at decision time. To incorporate this feedback into

the learning process, the decision-biasing strategy [189] is considered, where the

robot prioritises the action suggested by the user, denoted as ag, at decision time.

Specifically, the policy is adjusted such that for the next state st+1, the chosen action

is explicitly set to ag:
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π(st+1) = ag (6.3)

This override is applied independently of the robot’s exploration mechanism,

ensuring that human guidance can take priority when available.

By combining these shaping strategies under a single framework, ECLAIR sup-

ports a more human-like and flexible teaching process. Rather than constraining users

to a single type of feedback or predefined interface, the framework allows teachers

to provide feedback naturally, using the modality that best suits the interaction,

whether it be evaluation, correction, or direction.

6.4 Methodology

6.4.1 Participants

Twelve adult participants were recruited for the study (Mage = 30; 10 men, 2 women).

The sample included a mix of university students and staff members with varying

levels of prior experience with robots. Participants were not required to have any

specific technical background, and no exclusion criteria were applied beyond age

(18+) and fluency in English.

6.4.2 Study Design

To evaluate the performance of the ECLAIR framework, a human-robot interaction

study was conducted in which participants were asked to teach a robot a simple

control task. The experimental setup is illustrated in Figure 6.2.

Robotics Platform. The study employed Vector,1 a compact and commercially

available social robot. Owing to its small size, Vector is well-suited for tabletop inter-

actions. The robot is equipped with basic navigation and manipulation capabilities,

including omnidirectional wheels for movement and a lift mechanism for physical

engagement with object, such as picking up or placing its interactive cube.
1https://ddlbots.com/products/vector-robot
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Figure 6.2: Experimental setup: Vector robot, pick and place task and screenshots from
the interfaces.
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the cube

INFORM Interface

ECLAIR Interface

System Configuration. The experimental system consisted of three main compo-

nents: the robot, an Android tablet, and a Linux-based machine running Ubuntu.

The Android tablet served as the user interface through which participants could

provide natural language feedback. The Ubuntu machine hosted the reinforcement

learning process and coordinated communication between the robot and tablet via

the Robot Operating System (ROS).

LLMs and Speech Recognition. To interpret user feedback, gpt-3.5-turbo

model was employed [36], selected for its effectiveness in understanding and generating

natural language. Since the robot accepted spoken input, Whisper model [218] was

used for speech-to-text transcription. This ensured that verbal advice from users

could be reliably processed into textual input for interpretation.

Reinforcement Learning Algorithm. Q-learning was used as the underlying

RL algorithm [262]. As a model-free algorithm suitable for discrete action spaces,

Q-learning was chosen for its convergence properties and its alignment with the

shaping strategies used in ECLAIR. This setup enabled a focused evaluation of

ECLAIR’s effectiveness as an advice interpretation framework within a controlled

task environment.
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6.4.3 Task Domain

The task used in this study involves a simplified pick-and-place scenario, in which

the robot is required to start from a predefined position, navigate toward a cube,

pick it up, and place it in a designated target location.

The environment is modelled as a 5 × 5 grid, yielding 25 discrete cells. The

robot’s position within the grid is defined by its (x, y) coordinates and encoded

as a unique cell location Lcell. The full task state is described by the tuple S =

(Lcell, is_picked), where is_picked is a binary indicator representing whether the

cube has been successfully picked up. This results in a state space comprising 50

distinct states.

The robot is equipped with six primitive actions: moving up, down, left, or right,

and executing the pick and place actions. Each episode begins with the robot

positioned at a predefined start location (marked with an X) and terminates either

when the cube has been placed or after a maximum of 15 time steps, whichever

comes first. The robot’s objective is to complete the task using the minimum number

of time steps.

6.4.4 Experimental Conditions

A within-subject design was employed to evaluate the contribution of the ECLAIR

framework in interpreting and integrating diverse forms of human feedback. Each

participant interacted with the system under two experimental conditions:

• ECLAIR Condition. In this condition, participants were asked to teach the

robot using spoken natural language. Their verbal feedback was transcribed

using Whisper and interpreted by an LLM to extract evaluative, corrective,

and guidance signals. These were then integrated into the learning process

through the appropriate shaping strategies defined by the ECLAIR framework.

• Evaluative-Only Baseline (Tablet Interface). In this condition, partici-

pants interacted with a tablet interface that allowed them to provide binary

feedback by selecting either a “correct” or “incorrect” button after each robot
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action. No natural language was used, and only evaluative feedback was col-

lected. This condition mirrors the architecture previously proposed previous

works, serving as a comparative baseline for assessing the added value of

ECLAIR’s multimodal feedback integration.

6.4.5 Procedure

Participants completed both experimental conditions sequentially in a within-subject

design, with the order counterbalanced across individuals. Each condition consisted

of eight training episodes, during which participants were asked to guide the robot to

complete the pick-and-place task. The number of episodes was determined through

preliminary simulations, which indicated that eight episodes were sufficient to support

learning convergence under a cooperative teaching strategy, while also maintaining a

manageable study duration and accommodating battery constraints.

Before beginning the main study, participants completed one practice episode per

condition to become familiar with the task mechanics and the respective interaction

modality. A short break was provided between conditions to minimise carryover

effects. On average, the total session lasted approximately 1 hour and 30 minutes

per participant, resulting in over 18 hours of data across the full participant pool.

In addition to the main interactive experiment, a series of controlled evaluations

were conducted to assess the robustness of ECLAIR’s LLM-based feedback interpre-

tation. These evaluations did not involve participant interaction but used a labelled

dataset of 20 natural language advice instances collected from pilot sessions. Three

tests were performed: (1) comparing few-shot and zero-shot prompting strategies

by removing examples from the LLM prompt, (2) testing sensitivity to prompt

rewording using semantically equivalent but syntactically varied instructions, and

(3) translating the dataset into four languages: Arabic, French, Spanish, and Italian,

to evaluate multilingual performance. For each test, label accuracy was computed

across three random seeds to ensure consistency.
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6.4.6 Measures

To evaluate the effectiveness of the ECLAIR framework and compare it against the

evaluative-only baseline, three categories of data were collected and analysed:

• Task Performance. For each episode, the robot’s performance was assessed

using a score equal to the negative number of time steps required to complete

the task. Penalties were applied for incorrect or incomplete executions: a −15

penalty if the cube was not picked up by the end of the episode, and a −10

penalty if it was placed in an incorrect location. This score was used solely for

evaluation purposes and was not used to shape the learning process.

• Feedback Frequency and Type. All feedback provided by participants was

logged and categorised. In the ECLAIR condition, the number of instances of

evaluative, corrective, and guidance feedback was recorded based on the LLM’s

classification. In the evaluative-only condition, only binary positive or negative

labels were logged. This allowed for comparison of interaction patterns and

feedback density across conditions.

• Robot Behaviour Logs. For each episode, complete logs of the robot’s state

transitions and executed actions were recorded. These traces enabled detailed

inspection of the learning process and supported the reconstruction of learning

curves, policy changes, and decision consistency over time.

6.5 Results

6.5.1 Task Performance and Learning Progression

Figure 6.3 presents a comparative evaluation of ECLAIR and the evaluative-only

baseline (TAMER) on the pick-and-place task. As shown in Figure 6.3a, ECLAIR

exhibited faster learning, with performance converging toward expert-level behaviour

within the first few episodes. By contrast, TAMER demonstrated a slower learning

curve, with improvements observed only in later episodes. This difference was
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statistically significant, with ECLAIR achieving over 70% greater task success across

the trials (p < 0.0001), as illustrated in Figure 7.5b.

Figure 6.3: Evaluation of ECLAIR and TAMER on the Pick-and-Place task. (a)
Performance curve of the models. The expert performance (green dashed line) sets
the targeted behaviours. ECLAIR quickly converges towards expert performance, while
TAMER does so at a slower pace. (b) Success rates of the training session. ECLAIR is
significantly more successful than TAMER.
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The differences in exploration patterns were further examined through a state

visitation heatmap (Figure 6.4). ECLAIR showed a concentrated visitation pattern

along the optimal trajectory, whereas TAMER’s visits were more dispersed, indicating

broader, less focused exploration.

Figure 6.4: Heatmap of state visitations during training. ECLAIR displays a concentrated
activity along the optimal trajectory, while TAMER exhibits a broader exploration.
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Figure 6.5: Distribution of human feedback across training episodes. (a) Compares the
total advice provided in the ECLAIR and TAMER models, highlighting ECLAIR’s initial
higher engagement that decreases over time, opposite to TAMER’s consistent feedback
pattern. (b) Breaks down the types of feedback used within ECLAIR, showing a preference
for evaluative and guidance feedback over corrective feedback.
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6.5.2 Feedback Frequency and Types

Figure 6.5a shows the quantity of feedback provided by participants across episodes

in both conditions. In the early stages of training, ECLAIR received significantly

more feedback, which tapered off as the robot improved. In contrast, TAMER elicited

a more consistent volume of feedback throughout the session.

The distribution of feedback types in the ECLAIR condition is presented in

Figure 6.5b. Participants primarily used evaluative and guidance feedback, with

corrective feedback being less frequently observed. This suggests that as the robot

became more accurate through guidance, fewer corrective interventions were needed.

6.5.3 Robustness of the LLM-Based Advice Interpreter

To assess the generalisation capacity of the ECLAIR interpretation module, label

accuracy was computed across several controlled variations in the prompt and

language settings.

Prompting Strategy. Figure 6.6a shows that interpretation accuracy remained

stable across both few-shot and zero-shot conditions. The absence of performance

degradation when removing examples from the prompt suggests that the LLM’s
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pretraining was sufficient to handle the task-specific classification without requiring

additional in-context examples.

Prompt Rewording. As shown in Figure 6.6b, changing the wording of the system

prompt while keeping the semantic intent intact had no significant effect on label

accuracy. Accuracy scores remained consistent across multiple seeds, indicating that

ECLAIR is robust to minor variations in prompt phrasing.

Language Flexibility. To evaluate multilingual performance, the advice dataset

was translated into Arabic, French, Spanish, and Italian. Figure 6.6c presents

the results, showing comparable classification accuracy across all four languages.

These findings suggest that the LLM’s multilingual training enables ECLAIR to

interpret advice effectively across different languages, extending its applicability

beyond English-speaking users.

6.6 Discussion

This section interprets the study findings in relation to the research questions

that guided the evaluation of the ECLAIR framework, and discusses their broader

implications for educational applications, particularly in child–robot interaction.

6.6.1 ECLAIR Enables Faster and More Targeted Robot

Learning

The results demonstrate that ECLAIR significantly enhanced the robot’s learning

efficiency and policy convergence compared to the evaluative-only baseline (TAMER).

Robots trained with ECLAIR achieved higher success rates, displayed more focused

exploration, and reached optimal behaviour more rapidly, as evidenced by both the

performance curves and state visitation heatmaps. These findings are consistent

with prior work in Interactive RL, where the inclusion of corrective and anticipatory

signals has been shown to guide agents more effectively than scalar rewards alone
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Figure 6.6: Evaluating ECLAIR’s interpretation accuracy across prompting methods and
languages.
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[266, 104]. Recent research also supports the value of allowing multiple feedback

modalities in producing more robust and accelerated policy learning [57].

By permitting the use of evaluative, corrective, and guidance feedback, ECLAIR

supports more flexible and proactive teaching interactions. This aligns with educa-

tional theories of scaffolding and peer instruction, where effective teachers adapt their

instructional strategies based on the learner’s needs and responses [293, 274]. In the

context of ECLAIR, forward-looking guidance played a critical role in reducing the

robot’s trial-and-error behaviour, enabling participants to directly steer the learning

process rather than merely react to errors.

From an educational standpoint, the multimodal flexibility of ECLAIR has

potential value in child–robot learning settings. Children are likely to differ in

their preferred teaching approaches: some may emphasise praise, while others
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may rely more on hints or corrections. A framework that can accommodate such

variability could allow children to adopt teaching styles that feel intuitive and personal,

supporting more peer-like interactions in which the robot behaves as a responsive

learning companion rather than a passive tool. While this remains to be empirically

tested with child participants, prior HRI studies suggest that opportunities for

personalisation and agency are linked to greater motivation, engagement, and deeper

learning outcomes [160].

6.6.2 Multimodal Feedback Reduces Teaching Effort

ECLAIR not only improved learning outcomes but also reduced the amount of

human input required over time. Participants interacting with ECLAIR exhibited a

decreasing trend in the frequency of feedback as the robot’s performance improved,

while those in the TAMER condition maintained a more consistent level of input

throughout. This efficiency aligns with findings by Chisari et al. [57], who showed

that multimodal feedback strategies reduce teaching burden while improving task

performance.

The observed interaction pattern, characterised by high initial guidance followed

by evaluative reinforcement, mirrors classic scaffolding strategies in human tutoring,

where support is gradually faded as learner competence increases [54]. This strategy

was also observed in educational HRI studies, such as Senft et al. [245], and Pareto et

al. [201], where children dynamically adjusted their teaching based on the learner’s

responses.

In classroom contexts, efficiency is certainly important: robots that can learn

quickly from fewer interventions are more practical in time-constrained educational

environments. At the same time, findings from Chapter 4 showed that longer interac-

tion time was associated with greater retention, suggesting that efficiency should not

come at the cost of sustained engagement. The challenge, therefore, is to engineer

the right balance; providing enough responsiveness to keep interactions natural and

manageable, while still allowing children sufficient opportunity to elaborate, reflect,

and consolidate their own learning through teaching. Future work should examine
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how frameworks like ECLAIR can be integrated into educational designs that balance

efficiency with the pedagogical value of extended interaction.

6.6.3 ECLAIR Is Robust Across Prompts and Languages

The interpretation module of ECLAIR, powered by a large language model, exhibited

strong robustness to prompt variation and multilingual usage. Classification accuracy

remained consistent across few-shot and zero-shot prompting, semantically reworded

prompts, and translations into four different languages. These findings are aligned

with results from instruction-tuned language models, which have demonstrated stable

performance across prompt formulations in controlled tasks [141, 172].

Moreover, the system’s consistent performance across Arabic, French, Spanish,

and Italian confirms that ECLAIR’s advice interpretation capabilities extend to

diverse linguistic settings. This is particularly relevant in multicultural classrooms,

where language diversity is common. Allowing children to interact with the robot

in their native or preferred language not only supports inclusivity but also reduces

barriers to participation and engagement. Studies on multilingual large language

models have similarly demonstrated that semantic understanding can generalise well

across languages [301].

Importantly, this robustness also alleviates the need for children to adhere to

rigid verbal templates. Instead, they can express themselves naturally, using varied

phrasing and styles. This facilitates more authentic, fluid learning interactions,

and reflects real-world communication better than constrained interfaces. As such,

ECLAIR supports a form of interaction that is both technically effective and socially

aligned with children’s natural communicative behaviours.

6.7 Summary

This chapter introduced ECLAIR, a novel framework for enabling reinforcement

learning from diverse forms of natural language feedback using LLMs. Motivated by

developmental and educational research highlighting the multimodal nature of human
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teaching, ECLAIR was designed to interpret evaluative, corrective, and guidance

signals and to integrate them into the robot’s learning process using dedicated

shaping strategies.

The framework was implemented and evaluated in a within-subject HRI study.

Twelve adult participants taught a social robot to perform a pick-and-place task

under two conditions: ECLAIR, which supported multimodal verbal advice, and

a baseline condition limited to binary evaluative feedback. Results showed that

ECLAIR led to significantly faster learning, higher success rates, and more efficient

task completion, while also reducing the overall amount of feedback required. Analysis

of feedback patterns revealed that participants naturally used a mixture of feedback

types, favouring evaluative and guidance input over corrective feedback.

Further experiments demonstrated that ECLAIR’s LLM-based interpretation

module is robust to prompt variations and performs consistently across multiple

languages, supporting its adaptability for use in multilingual and naturalistic learning

environments.

Together, these findings demonstrate the technical feasibility of ECLAIR and its

potential educational relevance. By aligning robot learning mechanisms with human

pedagogical strategies, the framework shows how natural language can be leveraged

to interpret diverse forms of feedback in real time. Although the present study was

conducted with adults, the approach has clear promise for future child–robot teaching

interactions, where variability in teaching styles and spontaneous feedback are central.

ECLAIR therefore represents an important step toward scalable, language-enabled,

peer-like robots for educational settings, pending validation in classroom contexts.
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Chapter 7

Sleep-Inspired Consolidation in

Teachable Robots

[Epigraph removed for copyright reasons. Original source: J.K. Rowling, Harry

Potter and the Deathly Hallows (London: Bloomsbury, 2007)]

7.1 Introduction

This chapter explores how a robot can consolidate learning from evaluative human

feedback to acquire more generalisable, goal-directed behaviours. While earlier

chapters investigated how children can engage in teaching interactions with robots

through Interactive RL using evaluative feedback, and explored how this approach

can be extended with natural language to enable robots to interpret richer multi-

modal advice, both approaches relied on feedback processed in a largely myopic

fashion, where learning occurred only in response to immediate signals. This chapter

introduces INFORM, a sleep-inspired consolidation framework that allows robots

to revisit and reinterpret past trajectories offline, moving beyond purely reactive

learning toward more durable and generalisable knowledge.

The remainder of the chapter outlines the architecture and learning objectives of

INFORM, describes the experimental protocol used in both discrete and continuous

tasks, and presents results evaluating policy performance, robustness, and reward re-
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covery. The discussion considers implications for cognitive modelling and educational

HRI, positioning INFORM as a learning mechanism that is more closely aligned with

human cognitive processes.

7.2 Study Motivation and Research Questions

In Interactive RL, human feedback plays a central role, yet differs fundamentally from

traditional environment-based rewards. While standard RL optimises dense reward

signals over long time horizons, human feedback is typically communicative and local,

serving to indicate whether an action was correct rather than to drive long-term

behaviour optimisation [117]. As a result, it often conflicts with the assumptions of

reward-maximising agents.

Ho et al. [114] showed that such feedback is state and action-contingent, guided by

pedagogical intent rather than long-term reinforcement structure. Positive feedback,

in particular, is commonly used to affirm momentary correctness rather than to

shape policy trajectories. Consequently, RL agents can misinterpret these signals,

leading to positive cycles; where agents repeatedly visit familiar states to collect

positive feedback, regardless of whether this aligns with the task goal.

This phenomenon was further validated by Knox and Stone [143], who observed

that in episodic tasks, human trainers overwhelmingly provided positive feedback,

causing agents with high discount factors to fall into these positive cycles. To prevent

this, they advocated for strong discounting (low γ), which shifts the learning focus

to immediate feedback. Specifically, myopic agents (γ ≈ 0) avoid positive loops

and align more closely with the teacher’s immediate intent, thereby improving task

performance. Prior work also adopted this myopic learning strategy, often without

explicitly recognising its theoretical justification [266, 142, 190].

Yet, this myopic approach comes at a cost: while it aligns well with the local

nature of human feedback, it limits the agent’s ability to internalise long-term goals,

generalise knowledge, or adapt to new contexts [144]. Thus, Interactive RL agents

face a fundamental trade-off: agents with high γ risk being misled by biased feedback
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and entering reward loops, while myopic agents fail to build robust, transferable

strategies.

To address this, Knox and Stone introduced VI-TAMER [144], a model that

integrates TAMER’s interactive learning with explicit value iteration to support

non-myopic learning. In continuing (non-episodic) tasks, VI-TAMER successfully

reconciled the benefits of interactive learning with long-horizon planning, achieving

better alignment with human intent without falling into positive circuits. Their goal

was to move beyond purely reactive, feedback-dependent behaviour and enable robots

to infer and pursue meaningful outcomes, even in the absence of frequent feedback.

However, VI-TAMER depends on a known transition model and is restricted to

discrete environments, limiting its applicability in many real-world HRI scenarios.

In contrast, humans are not constrained by such limitations. They are capable of

generalising from sparse and evaluative feedback, and of transferring this learning to

novel situations. From the joyous cheers that greet a baby’s first steps to the pride

expressed after an achievement, humans are exposed to feedback throughout life.

This feedback plays a crucial role in learning, supporting skill acquisition, decision-

making, and adaptation to change [291]. However, this process is not instantaneous.

Robust, transferable knowledge does not emerge solely from real-time feedback but

relies on consolidation mechanisms, with sleep playing a key role [259].

Studies have shown that deep sleep enhances memory and learning by enabling

the consolidation and abstraction of knowledge [120]. Initially, newly acquired

information is encoded in the hippocampus. During sleep, this information is

replayed, reorganised, and integrated into cortical structures, allowing long-term

retention and facilitating generalisation [220]. Moreover, humans do not simply react

to feedback—they infer the goal and intent behind it and internalise the corresponding

reward structure to continue learning independently [115].

Transferring this capacity to robots would enable peer-like agents to move beyond

immediate learning and generalise to broader learning contexts. This chapter intro-

duces the INverse Forward Offline Reinforcement Model (INFORM), a two-phase

learning framework designed to mirror this human-like process. INFORM begins

with a myopic Interactive RL phase, in which the robot learns to predict the teacher’s
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preferred actions from evaluative feedback. These interaction trajectories are stored

in a replay buffer. In the second phase, a simulated “sleep” phase, INFORM replays

these experiences offline and applies Inverse RL with a high discount factor, recov-

ering a reward function and policy that encode the broader goals implied by the

feedback [97]. This offline consolidation enables the robot to transition from reactive

behaviour to a robust, autonomous, and generalisable learning strategy, bridging the

gap between interactive teaching and cognitive modeling.

This chapter is guided by the following research questions:

• RQ5.1: Can INFORM effectively learn a high-level policy from past experi-

ences?

Interactive RL typically results in myopic policies tailored to specific feed-

back episodes. This question investigates whether INFORM can extract more

abstract, generalisable knowledge from those same experiences—enabling au-

tonomous decision-making that extends beyond reactive feedback.

• RQ5.2: How robust is the consolidated policy learned by INFORM?

Human-robot teaching environments are often noisy, sparse, or subject to

change. Ensuring that the policy resulting from INFORM remains stable under

different conditions is essential for deploying teachable robots in real-world

educational settings.

• RQ5.3: Is the reward function retrieved by INFORM in alignment with the

teacher’s intended outcomes?

For a robot to truly learn from human feedback, it must internalise the un-

derlying goals—not just surface-level actions. This question assesses whether

INFORM can recover a reward representation that reflects the human teacher’s

intended task structure, thus supporting further autonomous learning.

7.3 The INFORM Framework

This section introduces the INverse Forward Offline Reinforcement Model

(INFORM), a two-phase learning framework designed to emulate the way humans
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Figure 7.1: Illustration of the framework. (1) The agent first learns a low-level policy
with a myopic interactive RL. All trajectories of the interaction are stored in a buffer. (2)
An offline inverse RL is then applied to the stored trajectories to recover a reward and a
policy that better encodes the high-level information of the task.
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consolidate feedback into abstract knowledge. INFORM aims to address the general-

isation limitations of myopic Interactive RL by combining immediate feedback-based

learning with a sleep-inspired offline consolidation phase. As illustrated in Figure 7.1,

the framework comprises two sequential stages:

1. Forward Model (Interactive Learning Phase): The robot learns a low-

level, myopic policy through real-time interaction with a human teacher who

provides binary evaluative feedback on state-action pairs.

2. Offline Inverse Model (Consolidation Phase): The robot replays previ-

ously stored interaction trajectories and applies an offline inverse reinforcement

learning algorithm to extract a high-level reward function and policy that

better reflect the intended goals of the task.

7.3.1 Forward Model: Learning from Human Feedback

The first phase models the real-time teaching process. Initially, the robot follows

a random policy and updates its behaviour based on binary human feedback

h ∈ {−1, +1}, which signals whether a given action in a specific state was appropriate.

We implement this using the TAMER framework [142], where a learned function Hθ

predicts the expected human feedback. The learning objective is formulated as:

L (θH) = E(s,a,H)∼D

∥∥∥Ĥ (s, a; θH)−H(s, a)
∥∥∥2

(7.1)
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This approach enables the agent to immediately adapt its behaviour to the

teacher’s preferences.

If actor-critic architectures are used, the action policy π(a|s; ϕ) is also updated

based on the expected human feedback:

L (ϕπ) = E(s,a,π)∼D [H(s, a)− log π(a|s; ϕ)] (7.2)

At the end of each episode, the robot evaluates its performance based on an

environment-derived return (e.g., task completion) and assigns a success label to the

trajectory. These labelled trajectories are stored in a replay buffer D, forming the

experience set for the offline phase.

7.3.2 Offline Inverse Model: Sleep-Inspired Consolidation

While the forward model efficiently captures the teacher’s surface-level preferences,

it is inherently myopic, focusing solely on immediate action evaluation and lacking

long-term planning. This restricts the robot’s capacity to understand the global

structure of the task or to perform robustly in unseen variations.

To address this, INFORM incorporates a sleep-inspired consolidation phase that

mimics the human brain’s memory processing during deep sleep, where newly encoded

episodic experiences are replayed and reorganised to extract abstract representations

[33]. Technically, this is implemented via a modified version of IQ-Learn [97], a

dynamic-aware imitation learning model that effectively learns a Q-function from a

few demonstrations and uses it to derive both a policy and a reward function.

Unlike standard IQ-Learn, which depends on expert demonstrations and online

interaction with more complex continous environement, INFORM modifies the

objective to learn from trajectories generated during the forward phase, using only

offline replay. Successful and unsuccessful trajectories are sampled from the replay

buffer and used to optimise the following objective:
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max
Q∈Ω
J ∗(Q) = −E(s,a,s′)∼success [Q(s, a)− γV ∗ (s′)]

− E(s,a,s′)∼replay [V π(s)− γV π (s′)] (7.3)

where the state-value function is defined as:

V ∗(s) = log
∑
a

exp Q(s, a)

This objective enables the robot to extract high-level patterns from past ex-

periences by assigning credit over longer temporal horizons. From the optimised

Q-function, a reward function can be recovered:

r (s, a, s′) = Q(s, a)− γV π (s′) (7.4)

This reward function reflects the task’s underlying goals as inferred from successful

human-guided behaviour, enabling autonomous future learning.

7.3.3 Algorithm Overview

Algorithm 2 outlines the full INFORM training process. The first part corresponds

to the forward model, where the agent interacts with a human and updates its

policy based on feedback. The second part performs offline inverse RL using the

accumulated experiences. The full procedure is compatible with both value-based

and policy-gradient methods.

7.4 Methodology

7.4.1 Environments

To examine INFORM’s performance across different domains, two types of tasks

were selected: a discrete grid-based environment and a continuous robotic control

environment.
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Algorithm 2 Pseudocode of the INFORM Framework
=== Forward Model ===

1: Initialise parameters of Hθ, πϕ, and a replay buffer D
2: for each episode do
3: Initialize a temporary buffer T
4: for each step do
5: s← observation
6: Select action a:

(Q-learning) a = argmax(Hθ(s))
(actor-critic) a = π (· | st; ϕ)

7: s′ ← executing a
8: h← human feedback
9: Store in temporary buffer T ← T ∪ (s, a, s′, h)

10: Perform a gradient step for θH using Equation 7.1
11: end for
12: Assess success of trajectories ▷ success ∈ {0 or 1}
13: Store labeled trajectories in replay buffer D ← D ∪ (T , success)
14: end for

=== Inverse Model ===
15: Initialise parameters of Qθ and optionally πϕ
16: for each step do
17: Get batch from replay buffer ∼ D[(s, a, s′, success)]
18: Perform a gradient step for θQ using Equation 7.3
19: (only with actor-critic) Perform a gradient step for ϕπ
20: end for
21: Recover reward function using Equation 7.4
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Figure 7.2: The Gridworld and Pusher-v4 environments used to evaluate the INFORM
framework.

S G

(a) Gridworld (b) Pusher

Gridworld Maze. For the discrete scenario, a 36-cell gridworld maze introduced

by Knox et al. [144] was used. The agent starts in cell S and must reach the goal

cell G using one of four directional actions: up, down, left, or right. A trajectory is

considered successful if the goal is reached in under 30 steps. This environment, while

straightforward, provides a comprehensive platform for a detailed and observable

evaluation of our framework.

Pusher-v4. For the continuous setting, Pusher-v4 task from the Mujoco Gym-

nasium suite was used [268]. In this task, a multi-jointed robotic arm must push a

cylinder toward a target position using its end-effector. A trajectory is considered

successful if the object’s final position is within 0.08 units of the target. This task

introduces dynamic complexity and serves as a strong benchmark for evaluating

robustness and generalisation.

7.4.2 Simulated Feedback

The aim of this study is not to improve how robots learn directly from human feedback,

but to explore how such feedback can be consolidated into more generalisable

knowledge. Since the forward model has already been well established in prior work

[142], the focus here is placed on evaluating the second phase of the framework—the

offline consolidation.
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To reduce reliance on human participants and allow for controlled, reproducible

evaluation of the reverse model, an oracle was used to simulate evaluative feedback.

This allowed us to focus on testing whether INFORM can recover a high-level policy

and reward function from interaction trajectories, without introducing variability

from human input.

In line with Zhang et al. [299], the oracle was implemented as a fully trained

model. For each state s, the learning agent selected an action a from its current

policy, while the oracle selected an optimal action a∗. Positive feedback was provided

when the Q-value of the selected action was sufficiently close to that of the optimal

action; otherwise, no feedback was given. This mechanism was designed to reflect

the positive feedback bias commonly observed in human teaching [117]. Specifically:

h(s, a) =


+1 if Q(s, a) ≥ αQ (s, a∗)

0 otherwise
(7.5)

Here, α is a scheduling parameter that increases over time to simulate the

diminishing frequency of feedback, a phenomenon commonly observed in human

teaching behaviour [117].

7.4.3 Implementation Details

INFORM was implemented using two different RL architectures based on the envi-

ronment. For the discrete gridworld task, a Deep Q-Network (DQN) [182] was used,

while a Soft Actor-Critic (SAC) [106] was utilised for the continuous pusher task.

The codebase was adapted from CleanRL [119] to follow the INFORM algorithmic

structure (Algorithm 2). Hyperparameters for both the interactive and offline phases

were based on the original IQ-Learn implementation [97], with further tuning for

stability across replay buffer sizes and trajectory lengths. The full code and parameter

configurations are available on the project repository1.
1https://github.com/ImeneTar/INFORM
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7.4.4 Evaluation Protocol

The evaluation was structured around the three research questions introduced earlier,

with each question addressed in a specific environment and analysis setup. All

experiments followed a two-phase learning process:

1. Forward model: Agents were trained using simulated human feedback via

TAMER. This phase involved 100 episodes in the Gridworld environment and

500 episodes in Pusher-v4.

2. Inverse offline model: INFORM replayed the stored interaction trajectories

and applied inverse reinforcement learning to derive a high-level policy and

reward function. No further environment interaction occurred during this

phase.

To answer RQ5.1, an experiment assessing whether INFORM could consolidate a

non-myopic policy from interaction data was proposed. we evaluated the learned

policies in both Gridworld and Pusher environments. Performance was compared

to the original myopic policy (TAMER) and to an expert policy trained using

environment-defined rewards. Success was measured by the number of steps to reach

the goal in Gridworld, and by the final distance to the target object in Pusher.

To adress RQ5.2, an experiment asseing the robustness of INFORM was run in

the Pusher environment. Following Eysenbach et al. [86], environmental dynamics

were altered by introducing an obstacle along the perpendicular bisector between

the puck’s initial position and the goal. This obstacle comprises three axis-aligned

blocks, each 3 cm wide, located at (0.32, -0.2), (0.35, -0.23), and (0.38, -0.26). The

modified environment is illustrated in Figure 7.3b. The previously trained TAMER

and INFORM policies were tested on this modified environment across 100 episodes

per run (3 runs in total). The success metric was the final distance between the

object and the target.

RQ5.3 was examined in the Gridworld environment. After INFORM was trained

in the original layout, the recovered reward function was extracted and used to train

new agents in a modified version of the environment, where the optimal path was
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blocked by a wall (Figure 7.3a). This setup was designed to evaluate whether the

recovered reward captured the task’s high-level objective, rather than overfitting to

the original policy shaped by human feedback. Following [144], agents were trained

using Q-learning with the recovered reward and compared to agents trained with

the environment-defined reward, as well as to the original TAMER policy. Learning

performance was monitored over 300 episodes.

Figure 7.3: Perturbation in environmental dynamics. (a) A wall is added in Gridworld
to block the optimal path. (b) The optimal trajectory is obstructed with an obstacle.

(a) (b)

Evaluation Details. All experiments were repeated using five random seeds

for Gridworld and three for Pusher. Average performance was reported using

environment-specific metrics: episode length in Gridworld and final object distance

in Pusher. The same seeds were maintained across models and conditions to ensure

fair comparison.

7.5 Results

7.5.1 Performance evaluation

The performance of INFORM was evaluated against TAMER (myopic baseline) and

an expert policy across both tasks. As shown in Figure 7.4, INFORM successfully

recovers a high-level policy from stored trajectories alone, without requiring additional

interaction with the environment.

137



7.5 Results

In the Gridworld task, INFORM (orange line) not only matches expert-level

performance but also converges more rapidly and consistently than TAMER (blue

line). Variability across the five runs is noticeably reduced, suggesting greater

stability. This improvement is attributed to the replay of diverse trajectories during

the offline phase, enabling INFORM to capture longer-term structure that is otherwise

inaccessible through myopic feedback alone.

In the more complex Pusher-v4 task, INFORM achieves performance comparable

to TAMER while demonstrating faster convergence. This suggests that even in

high-dimensional, continuous control settings, the consolidation mechanism supports

robust policy recovery from feedback-guided trajectories.

Overall, these results demonstrate that INFORM effectively consolidates knowl-

edge from both successful and unsuccessful experiences, producing high-level policies

that retain or exceed the performance of myopic baselines across tasks of varying

complexity.

Figure 7.4: Evaluation of INFORM and TAMER across discrete and continuous Tasks.
The expert performance (green dashed line) sets the target for each environment. Higher
values indicate superior performance in Pusher, while lower values are better in Gridworld.
INFORM effectively recovers non-myopic policies, matching TAMER’s performance.
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7.5.2 Robustness to Environmental Perturbations

The robustness of the policies learned by INFORM and TAMER was evaluated under

altered environmental dynamics. As shown in Figure 7.5b, INFORM consistently

moved the object closer to the target than TAMER across three runs, with a
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Figure 7.5: Robustness evaluation. (a) Comparison of TAMER and INFORM trajectories
on both original and perturbed environments. (b) Comparison of distance from target over
3 runs. INFORM significantly moves the object closer to the goal compared to TAMER,
learning a high-level policy that more effectively navigates around obstacles.
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statistically significant difference in performance (p < 0.0001). This suggests that

the policy consolidated through INFORM generalises more effectively to dynamic

changes.

Figure 7.5a further illustrates that INFORM is more likely to adapt its behaviour

and navigate around unforeseen obstacles, while TAMER tends to fail when deviations

from the original optimal trajectory are required. This difference is likely due to

INFORM’s use of a high discount factor, which supports the integration of long-term

consequences into policy learning. In contrast, TAMER’s myopic focus results in

brittle policies that underperform in perturbed settings.

While INFORM demonstrates superior robustness overall, the results also reveal

considerable variance across random seeds. This suggests that the effectiveness of

the consolidation phase may depend on the diversity and representativeness of the

stored trajectories. Improving consistency remains an open challenge for future work.

7.5.3 Generalisation of Recovered Reward Functions

Figure 7.6 shows the learning performance of agents trained in the modified Gridworld

using the reward recovered by INFORM. Agents trained with this inferred reward

consistently learned to reach the goal, converging more quickly and reliably than
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those trained with the environment-defined reward. This suggests that the reward

recovered by INFORM provides denser and more informative guidance, facilitating

faster learning.

TAMER-trained policies, when deployed directly in the modified environment

without further training, failed to complete the task in all evaluation runs. On average,

these policies terminated after 29.2 steps with a mean reward of 0.0, indicating no

adaptation to the modified path.

Figure 7.6: Learning curve of agents in the gridworld with a wall blocking the optimal
path. Agents learning with INFORM reward successfully and rapidly learn an optimal
policy.
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7.6 Discussion

7.6.1 High-level policy through Offline Consolidation

The results show that INFORM is able to recover a non-myopic, high-level policy

from feedback-guided trajectories without requiring further interaction with the

environment. This demonstrates that human evaluative feedback, typically effective

only in short-sighted learning, can be consolidated offline to produce more abstract,

goal-directed behaviour in a model-free setting.

In contrast to prior approaches that depend on known transition models or

continuous online interaction, INFORM performs this consolidation entirely from
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past experiences. This offline mechanism makes the process safer and more stable,

which is particularly relevant in educational and interactive settings where repeated

trial-and-error or constant feedback may not be feasible.

Moreover, this consolidation process reflects principles found in biological learning

systems. By replaying stored episodes to abstract and reinforce useful behaviour,

INFORM mirrors aspects of sleep-based memory consolidation in the brain, where

hippocampal activity trains cortical networks for long-term generalisation. This

connection aligns with broader efforts in neurorobotics to design cognitive models

that are not only functional, but also inspired by how humans learn. INFORM thus

contributes toward the development of teachable robots that move beyond behaviour

shaping to form internal, structured representations of learning experiences.

7.6.2 Consolidation Improves Generalisation under Pertur-

bation

The finding that INFORM outperformed TAMER in a perturbed environment

suggests that offline consolidation may enhance a robot’s ability to generalise beyond

the specific conditions in which feedback was originally provided. By replaying

both successful and unsuccessful trajectories with a non-myopic objective, INFORM

appears to capture a broader understanding of task dynamics, one that is less

dependent on the exact path or state sequence seen during training.

This represents a promising direction for teachable robots in real-world settings,

where conditions are rarely static and perfect feedback is rarely available. The ability

to adapt without requiring new interactions or human corrections is particularly

valuable in educational contexts, where learner input is limited and task environments

may vary. At the same time, the observed variance in performance across seeds

highlights a limitation: generalisation through consolidation may depend heavily

on the diversity and coverage of the stored trajectories. Further work is needed

to understand how to select, weight, or augment replay data to improve reliability

across settings.
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7.6.3 Reward Recovery Enables Adaptive Learning

The ability to recover a reward function that supports learning in a changed envi-

ronment suggests that INFORM goes beyond behavioural imitation and begins to

internalise aspects of the task structure itself. This is particularly notable given

that the reward was inferred from human feedback, often sparse and local, rather

than from expert demonstrations or engineered signals. By consolidating trajecto-

ries offline, INFORM extracts a more abstract, task-level representation of what

constitutes success, enabling learning to continue autonomously in new settings.

This points to an important step toward enabling teachable robots to learn in ways

that more closely mirror human cognition: not just through behavioural replication,

but by inferring goals and adapting to new contexts. While the environments used

here were simple, the approach opens up future possibilities for feedback-driven

systems to learn reward models that are flexible, transferable, and aligned with

human instructional intent.

7.7 Summary

This chapter introduced INFORM, a two-phase framework designed to consolidate

human feedback into high-level, generalisable behaviour. Building on a forward

Interactive Reinforcement Learning phase guided by evaluative feedback, INFORM

replays stored trajectories offline using inverse reinforcement learning to infer both a

robust policy and a reward function.

Across discrete and continuous tasks, INFORM was shown to recover policies

that matched or exceeded the performance of a myopic baseline, all without requiring

further interaction with the environment. These consolidated policies demonstrated

improved generalisation under dynamic changes, outperforming feedback-trained

policies in perturbed settings. Moreover, the reward function recovered during offline

learning was shown to support autonomous policy learning in a modified environment,

highlighting its alignment with the underlying task intent.
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Taken together, these findings provide initial evidence that feedback-based learn-

ing can be extended beyond short-term adaptation. INFORM consolidates learning

in a way that is model-free, offline, and more reflective of human cognitive processes,

bringing teachable robots a step closer to biologically inspired, goal-directed learning

architectures.
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Chapter 8

General Discussion

This chapter draws together the findings from all empirical and technical work

presented in this thesis, integrating them in relation to the research questions and

challenges outlined in Chapter 1. It considers the contributions of the work to

educational robotics and its grounding in developmental theory, reflects on the

psychological and social dimensions observed in the studies, and discusses limitations

and ethical considerations arising from the research.

8.1 Overview of Findings and Contributions

This thesis set out to explore whether social robots could serve as credible peer-like

learning companions, capable of learning from children through natural teaching

interactions, while also supporting the child’s cognitive and emotional development.

As outlined in Chapter 1, this central aim was framed through five research questions

and five core challenges: realistic cognitive modelling, natural testing, psychological

implications, natural interaction, and generalisation. To address these, five studies

were conducted, each targeting one or more of these challenges. Together, they form

a coherent trajectory: from the design of a cognitively plausible learning model, to

its evaluation in authentic classrooms, to refinements in interaction, psychological

understanding, and long-term learning mechanisms.

A central contribution of this thesis is the application of Interactive RL to

child–robot teaching (RQ1). Rather than developing a novel algorithm, the novelty
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lies in framing learning tasks as an RL problem, specifically, as an MDP shaped by

evaluative feedback from children. This allowed the robot to adapt its behaviour

in real time, without reliance on pre-scripted behaviours or Wizard-of-Oz control,

and demonstrated how Interactive RL can serve as a cognitively plausible model for

peer-like learning.

Building on this architecture, a large-scale classroom study addressed the question

of whether learning-by-teaching robots can improve educational outcomes compared

to independent practice (RQ2). Designed for ecological validity, the study embedded

multiple autonomous, personalised robots in regular classroom sessions, allowing

children to interact one-on-one without disrupting the lesson. Compared to tablet-

based self-practice, the robot condition yielded measurable improvements in retention,

providing compelling evidence for the practical value and scalability of learning-by-

teaching robots in authentic educational settings.

Subsequent studies investigated how involvement in the teaching process shapes

psychological factors such as trust and psychological ownership (RQ3). Findings

showed that higher involvement could foster self-investment, though trust was

shaped more by perceived performance than by involvement alone, raising important

pedagogical and ethical questions about transparency and epistemic trust.

The architecture was then extended to support richer forms of verbal feedback

(evaluative, corrective, and guidance) by leveraging large language models (RQ4).

This enabled more natural, flexible teaching exchanges and accelerated the robot’s

learning, underscoring the benefits of aligning robot capabilities with human commu-

nication patterns.

Finally, to address the limitations of short-sighted, task-specific learning (RQ5),

a sleep-inspired consolidation mechanism was introduced. This allowed the robot to

retrospectively process prior experiences and generalise beyond the immediate task,

whic could be an essential step toward long-term, transferable learning.

Collectively, these contributions advance the vision of educational robots not as

content-delivery tools, but as adaptive, ethically grounded partners in the learning

process, capable of growing alongside the child, responding to their input, and

fostering engagement, reflection, and long-term understanding.
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8.2 Educational Implications Grounded in Devel-

opmental Theory

This thesis is grounded in developmental theories that view learning as a socially

mediated, constructivist process, shaped not only by individual cognition but by

interaction, explanation, and reflection [210, 280, 293]. These principles informed the

design of the teachable robot, ensuring that its behaviour and role in the classroom

aligned with well-established mechanisms for fostering learning [52, 199, 232].

The use of a peer-like robot that learns from child-provided feedback reflects

Vygotsky’s notion of the Zone of Proximal Development (ZPD) [280], where progress

is achieved through interaction with a more or less knowledgeable other. In the class-

room study (Chapter 4), the child acted as the more knowledgeable partner, while

the robot took on the novice role. This inversion of the traditional teacher–student

dynamic created opportunities for children to rehearse and consolidate their own un-

derstanding, directly supporting Bruner’s and Chi’s theories of learning-by-teaching

[293, 54]. Bandura’s emphasis on feedback [16], modelling, and reciprocal influence

in cognitive development, is embedded in the learning architecture developed in

Chapter 3. By enabling the robot to adapt in real time to human feedback, the

system reproduced the feedback loops present in effective peer learning. The child

could observe the impact of their input on the robot’s behaviour, reinforcing a sense

of agency and encouraging continued engagement. These principles translated into

concrete design strategies for education: structuring interactions so that the child’s

role was active and visible, embedding clear feedback pathways to support agency,

and framing the robot as a fallible peer to invite explanation and reflection. By

implementing these strategies in authentic classrooms (Chapter 4) and controlled

studies on trust and ownership (Chapter 5), this work demonstrated how develop-

mental theory can directly inform the creation of robotic learning partners that are

not only technically functional, but also pedagogically meaningful.

Beyond its theoretical alignment, the classroom study in Chapter 4 offers clear

pedagogical insights. Children who taught the robot demonstrated higher engagement
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and, in the vocabulary task, significantly better retention than those who practised

independently. This supports prior evidence for the learning-by-teaching effect

[52, 90, 25], where tutoring another, whether a human peer or a teachable agent,

reinforces the teacher’s own understanding through active recall, elaboration, and

self-explanation. The results further suggest that the physical embodiment of the

robot, coupled with its peer framing, fostered a sense of responsibility and sustained

attention, consistent with the Protégé Effect [46]. Unlike concerns raised in earlier

work that social robots might distract from learning [135], the robot in this study

maintained or enhanced learning outcomes, supporting metacognitive engagement

through features such as help-panel use and iterative feedback. These findings

indicate that peer-like robots can act as both motivational and cognitive scaffolds,

embedding retrieval-based and reflective learning strategies into everyday classroom

activities

Finally, the progression in this thesis, from simple evaluative exchanges to richer,

more generalisable learning (Chapters 6 and 7), mirrors the developmental trajectory

of human learning: from immediate trial-and-error adjustments to abstract reasoning

and reflective practice. While the robot does not replicate human development,

its design draws inspiration from these layered processes, offering a model for how

educational technology can scaffold deeper, more enduring learning.

8.3 Psychological and Social Implications

Beyond cognitive learning outcomes, this thesis examined the psychological and social

dimensions of interacting with a teachable robot, as explored in the involvement

and trust studies presented in Chapter 5. These aspects are particularly significant

in educational contexts, where engagement, motivation, and emotional connection

play a central role in shaping the learning experience [94, 206, 121]. By investigating

constructs such as psychological ownership, trust, and user involvement, this work

provides new insights into how children and young adults relate to artificial agents

designed to learn from them.

147



8.3 Psychological and Social Implications

The findings from the involvement study indicated that higher levels of user

involvement, where participants could both observe and influence the robot’s learn-

ing trajectory, were associated with increased self-investment, a core indicator of

psychological ownership. This pattern suggests that when users are granted agency

over the robot’s learning process, they may begin to feel personally responsible for

its outcomes. However, other dimensions of ownership, such as perceived control

and perceived knowledge, were less consistently influenced. This indicates that

self-investment alone may not be sufficient to foster a robust sense of ownership, and

that interactions must also provide visible and meaningful feedback to reinforce the

user’s sense of control and impact.

In contrast, trust emerged as a more complex and less predictable construct.

Involvement alone did not significantly increase trust, although individual differences,

such as anthropomorphism tendencies and prior experience with robots, appeared

to mediate perceptions of the robot’s competence and reliability. As discussed in

Chapter 5, this reflects a broader challenge in social robotics, trust cannot be reliably

engineered through system behaviour alone but is shaped by the user’s expectations,

dispositions, and prior beliefs. From a pedagogical perspective, this underscores the

importance of transparency and appropriate framing, particularly in educational

settings where children may overestimate a robot’s authority or knowledge [277].

The observed pattern of results is consistent with prior findings in HRI research,

where perceived ability and performance have been identified as primary determinants

of trust. Robot errors have been shown to reduce trust, while cues of competence

can strengthen it [237, 107, 8]. Beyond technical performance, benevolence and

expressivity, including empathic language, pedagogical expressiveness, and socially

responsive prosody or gaze, have also been found to enhance user disclosure and

trust, highlighting the role of framing and transparency in trust formation. Similar

to the present results, Stadler et al. reported that directly teaching a robot, or being

attributed as its teacher, increased self-extension without producing a corresponding

change in trust, suggesting that psychological ownership and trust may be shaped

by distinct mechanisms [258]. In child–robot interactions, trust has been shown to

depend on the robot’s accuracy and perceived agency, with children more likely to
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select previously accurate and agentic robots as informants [32, 98]. This further

supports the need for visible and interpretable learning processes to prevent over-

attribution of authority.

Beyond one-on-one interactions, research on social influence has shown that robots

are more likely to elicit informational conformity, where individuals change their

responses because they believe the robot has superior knowledge, than normative

conformity, which is driven by a desire to align with group expectations. This

tendency is particularly evident under conditions of uncertainty and when the robot

is perceived as competent, and appears to be amplified in hybrid human–robot groups

[302, 178]. Late-occurring errors have been found to exert a persistent negative effect

on trust [6], whereas opportunities for interactive teaching can help to buffer against

and even rebuild trust over time [55, 56].

Taken together, these findings, reinforced by the classroom results in Chapter 4,

emphasise that the effectiveness of social learning systems depends not only on their

technical capabilities, but also on how they are interpreted and responded to as

social partners [24]. When children see their feedback visibly integrated into the

robot’s behaviour, they may experience greater engagement and a stronger sense of

responsibility, which can support deeper learning [46, 90, 263]. Conversely, when the

robot’s responses are inconsistent or its learning process remains opaque, this can

lead to frustration, disengagement, or misplaced trust [237]. Designing systems that

balance agency, clarity, and reliability is therefore critical to maximising both the

cognitive and socio-emotional benefits of teachable robots, and should be prioritised

in future system development and classroom integration.

8.4 Limitations

While this thesis offers several contributions to the field of educational robotics, limi-

tations should be acknowledged, both in study design and in the broader constraints

of deploying learning robots in real-world educational settings. These limitations do

not detract from the contributions of the thesis, but they do outline the conditions

under which the findings should be interpreted.
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Single-school context. The main classroom study reported in Chapter 4 was

conducted in one UK primary school, across two classrooms with two teachers.

This design was intended to reduce teacher-specific variance, yet it remains unclear

whether the findings would generalise to other schools, particularly those differing

in socioeconomic profile, curriculum priorities, language background, or cultural

context. Replication across diverse sites would be required to assess the robustness

and transferability of the observed effects, as single-site studies often lack external

validity for broader generalisation [112]

Short study duration. The classroom study in Chapter 4 was conducted within

a single morning to minimise timetable disruption. Although immediate learning and

a two-week retention measure were obtained, the design did not permit observation

of longer term trajectories in learning, engagement, or trust. It is plausible that

cognitive gains and the child–robot relationship would evolve under repeated exposure.

Longitudinal studies are therefore needed to examine sustainability and cumulative

impact of robotics peer in education [24].

Nature of the outcome measures. The assessment instruments used in Chapter 4

primarily captured task performance rather than deeper conceptual understanding

or metacognitive growth. While improved retention indicates a learning benefit, the

design did not allow fine grained analysis of the underlying cognitive processes [252].

In addition, self report questionnaires employed in Chapter 5 may be sensitive to

response biases [213] and may reflect perceived engagement more than internalised

change. Multi method approaches, combining behavioural traces, interaction logs,

observational coding, and instructor or caregiver reports, could provide a more

comprehensive account [288].

Robot platform constraints. To support parallel one to one interactions in the

classroom, JD Humanoid robots were selected for affordability and portability. These

platforms provide limited expressive and social channels compared to more advanced

robots. As a result, the peer quality of the interaction may have been constrained,
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and children’s perceptions of the robot’s social presence and responsiveness may have

been attenuated despite cognitive level adaptation [24, 111, 136].

Generalisation to child populations. In follow up studies on trust, ownership,

and natural language feedback (Chapters 5 and 6), university students were recruited

for reasons of logistics and experimental control. However, developmental research

indicates that executive control and social–affective systems continue to mature

through adolescence, implying that young adults differ from children in cognitive

maturity and self regulation [43, 63]. There is also evidence that children interpret

social cues and attribute agency to robots differently from adults, and that their

selective trust in robotic informants depends on perceived accuracy and agency

[125, 32]. Consequently, while these studies offer foundational insights, additional

work is needed to determine whether the same psychological and interactional effects

hold in child populations, and educational HRI reviews explicitly call for child focused

and longitudinal evaluation to establish generalisability [24].

8.5 Ethical Considerations

The deployment of social robots in education brings both opportunities and respon-

sibilities, particularly when such systems are designed to learn from children and

adapt their behaviour in real time. As these technologies become more capable,

their integration into classrooms must be aligned with ethical principles, pedagogical

values, and emerging regulatory frameworks such as the EU AI Act [85].

Supervision and autonomy under the EU AI Act. The EU AI Act classifies

AI systems interacting with children as high-risk, requiring that they be subject to

effective human oversight at all times by a responsible adult [85]. While this provision

functions as an important safeguard, it also raises practical and experiential questions.

Continuous adult oversight, particularly if visible to the child, may alter the dynamic

of learning-by-teaching, making the interaction feel monitored or evaluated rather

than autonomous and peer-like. This consideration is particularly relevant to the
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classroom deployment described in Chapter 4, where part of the learning experience

depended on children feeling in control of the teaching process. Balancing the legal

requirement for supervision with the pedagogical value of independent, child-led

interaction will be a key challenge for future deployments. Subtle supervision models

that allow teachers to monitor safely without disrupting the child’s sense of agency

have been proposed as a potential solution [247, 254].

Complementing, not replacing, teachers. The work in this thesis does not aim

to replace teachers, nor to position robots as primary sources of instruction. As noted

in prior reviews [24, 244], robots are most effectively deployed as tools to support

teachers in providing personalised practice, facilitating peer-like learning experiences,

and offering alternative forms of engagement. In the classroom study described in

Chapter 4, lessons were delivered by the class teachers, and the robot activity was

used to consolidate learning through guided practice aligned with the curriculum

and the lesson objectives. Teachers are central to guiding learning, interpreting

progress, and ensuring that the robot’s role complements the broader curriculum.

Positioning robots as assistants rather than substitutes is essential to preserving

the irreplaceable human elements of teaching, including empathy, adaptability, and

contextual judgement.

Equity and access. While social robots can offer innovative learning opportunities,

they also carry the risk of exacerbating educational inequalities. Not all schools,

particularly in under-resourced contexts, will have the infrastructure or funding to

deploy such systems at scale [270]. Without targeted strategies, this could create a

divide in which only certain students have access to the benefits of human–robot

interaction. This concern is particularly relevant to the feasibility considerations

raised in Chapter 4, where the affordability of the JD Humanoid platform influenced

its selection. Addressing this requires both technological strategies, such as the use

of affordable, modular platforms, and policy-level interventions to promote equitable

distribution.
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Trust and performance perception. Findings from the involvement and trust

study (Chapter 5) indicate that participants’ trust in the robot was strongly linked

to its perceived performance, consistent with previous work in educational HRI

[32, 107]. In adults, performance-based trust can be a rational response to observed

accuracy; however, it remains uncertain whether children can reliably assess a robot’s

competence. Prior studies have shown that children may base their trust on surface-

level cues such as confidence or friendliness rather than correctness, which can lead

to misplaced epistemic trust [277]. This underscores the ethical need to design

transparency mechanisms that make the robot’s learning state and reliability more

visible, enabling children to critically evaluate its competence.

Social and emotional effects. Strong emotional bonds can be formed by children

with robots, particularly when they are given responsibility for teaching them

[263, 131]. Such engagement can be beneficial for motivation, but it also risks

creating unrealistic expectations of the robot’s cognitive or social capabilities. While

this thesis implemented framing strategies to present the robot as a learning peer,

more work is required to ensure that children maintain an accurate understanding of

its limitations, especially during prolonged use, which may reinforce anthropomorphic

perceptions [131].

Transparency and data protection. In the present work, no personal identifiers

were stored, and all procedures complied with institutional ethical approval for

research with children (Chapter 4). However, as adaptive learning systems expand,

careful consideration will be needed regarding the type and amount of data collected,

how it is stored, and who has access to it [84]. Ensuring compliance with data

minimisation principles [84] and communicating transparently about the robot’s

capabilities and data practices will be essential for maintaining trust [265].
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8.6 Summary

This chapter synthesised the thesis findings, showing that novice peer robots—driven

by interactive reinforcement learning—can be integrated into real classrooms to

support learning-by-teaching. The work combined developmental theory with a

cognitive architecture capable of adapting to individual feedback, understanding

natural language, and consolidating knowledge over time. Contributions include

a validated application of interactive learning models, empirical evidence from

ecologically valid deployments, and design insights for socially and pedagogically

supportive interactions. Psychological outcomes such as trust, ownership, and

involvement were discussed alongside limitations in scope, context, and platform

capabilities. Ethical considerations highlighted regulatory compliance, equitable

access, teacher–robot complementarity, and the need to manage trust and emotional

engagement responsibly.
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Chapter 9

Conclusion and Future Work

9.1 Summary of the Thesis

This thesis investigated whether robots could be designed as teachable peers, capable

of learning from children in ways that support their own educational progress.

The work approached this question in stages, beginning with controlled online

investigations, moving into classroom studies in primary schools, extending to

psychological explorations of involvement and trust, and finally turning to modelling

frameworks inspired by natural language and sleep consolidation.

At the interaction level, an online study with adult participants examined how

people perceived a robot that adapted through evaluative feedback. The results

suggested that a teachable robot was viewed positively, with participants describing

it as responsive and engaging. This initial evidence of perceived teachability informed

the choice of Interactive RL as the underlying cognitive model. In classroom studies

with children aged eight to nine years, this model was deployed at scale. Children

were able to provide accurate feedback and adapt their tutoring strategies over

time. Compared with matched self-practice, teaching a robot yielded higher delayed

retention in a vocabulary task, encouraged longer and more strategic engagement,

and led to greater gains for children with lower prior knowledge.

The thesis then turned to the psychological mechanisms that shape how teachable

robots are experienced. A study of user involvement showed that greater participation
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increased self-investment, but did not automatically lead to stronger feelings of

ownership or higher trust. Finally, two modelling frameworks extended the scope

of teachability. ECLAIR demonstrated how free-form natural language could be

classified into evaluative, corrective, and guidance feedback and integrated into

learning, while INFORM introduced a sleep-inspired consolidation process that

allowed feedback-guided trajectories to be replayed offline for more robust and

generalisable knowledge. While ECLAIR and INFORM were tested in adult or

simulated contexts, both highlight how teachable robots can be extended beyond

immediate, task-specific learning.

9.2 Main Contributions

This thesis makes three main contributions to the study of teachable peer robots:

1. Ecological validation of Interactive RL in real classrooms. A large-scale

study deployed an Interactive RL architecture in primary schools, respecting the

natural conditions of the classroom. Children taught the robot using evaluative

feedback with multiple interactions unfolded simultaneously. This provided

ecological evidence that teachable robots can operate in authentic educational

settings, where they improved children’s delayed retention, encouraged strategic

engagement, and particularly benefitted learners with lower prior knowledge.

2. A psychologically grounded study of involvement, ownership, and

trust. A controlled experiment investigated how varying levels of involvement

in teaching shaped user perceptions when multiple robots were present. The

results showed that greater involvement increased self-investment but did not

automatically enhance ownership or global trust. These findings align with

what we would want in educational settings: to support appropriate trust,

ensuring that learners place confidence in the robot when it is reliable, but

remain able to question or correct it when it is not.

3. Two modelling frameworks that extend teachability. ECLAIR in-

troduced a natural language interface that classified free-form advice into

156



9.3 Future Work

evaluative, corrective, and guidance feedback and integrated each type through

tailored shaping strategies. INFORM added a sleep-inspired consolidation

mechanism that replayed feedback-guided trajectories offline, recovering re-

ward structure and improving robustness. Together, these frameworks extend

teachable robots beyond single-modality, short-sighted learning.

9.3 Future Work

The work presented in this thesis opens several avenues for future research.

First, it would be interesting to is integrate the proposed frameworks into a

single cohesive cognitive peer model . While Interactive RL, ECLAIR, and INFORM

were each evaluated separately, the next step is to bring them together into a single

pipeline that cycles between teaching, and offline consolidation. This would allow a

robot to learn from evaluative and multimodal input in real time, and then continue

refining its knowledge between interactions..

A second direction is about the deployment and scalability of the studies. The

classroom studies in this thesis demonstrated that teachable robots can improve

retention and engagement in short-term settings. Future research should extend this

to longitudinal, multi-site deployments that follow learners across weeks or months,

testing how durable the benefits of learning by teaching are, and whether they scale

across diverse schools and populations. In particular, stratified analyses will be

important to understand equity impacts for learners with lower prior knowledge or

different language backgrounds.

A third strand concerns personalisation and multimodality. The studies here

treated children largely as a uniform group, but learners differ in their preferred

feedback strategies and in how they engage with robots. Future work could model

these differences, adapting the robot’s behaviour to the child’s style and state in

ways that remain flexible but avoid narrowing learners into fixed profiles. Beyond

text and speech, multimodal inputs such as gestures, emotions, or prosody could

provide richer and more natural feedback signals.
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Another key challenge is trust, safety, and evaluation. The involvement study

showed that more participation does not always mean more trust, and that appropri-

ate trust is the more important goal. Future work should explore design strategies

that help learners place confidence in robots when they are reliable, but still feel

able to question them when needed. This also calls for better ways of assessing epis-

temic trust and learning outcomes beyond self-report, such as behavioural indicators,

lightweight transfer tests, or privacy-preserving multimodal measures.

Finally, future research should explore whether teachable robots can also support

conceptual understanding, open-ended explanation, or collaborative problem solving.

This may involve extending consolidation mechanisms such as INFORM to under-

specified tasks where the child’s intent must be inferred, or varying embodiment

and classroom topology to study how social presence mediates the effectiveness of

teaching.

Taken together, these directions outline a path toward teachable robots that are

technically robust, educationally relevant, and psychologically safe. They emphasise

not only the importance of building systems that learn effectively, but also of

embedding them responsibly in the complex social and developmental environments

of classrooms.

9.4 Final Reflection

The central claim of this thesis is that making the robot a better learner also

makes the child a better learner. By prioritising contingency and transparency in

classroom studies, examining the psychological dynamics of involvement and trust,

and extending teachability through language and consolidation, the work has taken

steps toward designing robots that can genuinely be taught.

The vision that emerges is not of robots that replace teachers, but of robots that

grow alongside children as responsive and imperfect peers. If the strands developed

here can be woven together, a robot might one day learn overnight what a child has

taught it during the day, and return not only better prepared to be taught again,

but also better able to support the child’s own learning journey.
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Taken together, the findings point toward tangible ways in which robots could

be woven into everyday classroom practice. Robots could serve as peer-like com-

panions during individual practice, offering a dynamic and engaging alternative to

worksheets or software. By learning directly from children’s feedback, they could

adapt their behaviour to different knowledge levels, scaffolding weaker learners while

still challenging stronger ones. In group contexts, robots could act as shared partners

in collaborative tasks, prompting reflection, encouraging explanation, and modelling

perseverance. Importantly, their design as novice learners positions them not as

authorities but as tools that stimulate dialogue, critical thinking, and self-explanation.

This points toward a future where social robots are integrated not as replacements

for teachers, but as complementary supports that help diversify classroom activities,

personalise learning experiences, and foster deeper engagement.
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Appendix A

Questionnaire

A.1 Godspeed Questionnaire

The Godspeed Questionnaire provides a standardised tool for measuring human re-

sponses to robots along five key dimensions: anthropomorphism, animacy, likeability,

perceived intelligence, and perceived safety [18].

A.2 Perceived Control

Participants’ sense of control over the robot was measured with a 3-item scale adapted

from Delgosha et al. [71]. Items were rated on a 5-point Likert scale (1 = Strongly

Disagree, 5 = Strongly Agree).

Participants were instructed as follows: “Imagine you want your robot to learn a

task using this teaching method. Please indicate the extent to which you agree with

each statement.”

• I feel I would have control over the robot.

• When I consider this teaching method, I feel in control.

• I feel that I would have no control over my robot. (reverse-coded)
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A.4 Mini-IPIP Personality Inventory

A.3 Technology Acceptance Model (TAM)

This questionnaire, from [23], focuses on three aspects of acceptance: (i) perceived

ease of use, referring to how effortless and straightforward the method is to apply; (ii)

perceived usefulness, referring to the degree to which the method is seen as helpful

and effective for guiding the robot’s learning; and (iii) behavioural intention to use,

referring to the participant’s willingness to adopt the method again in the future.

The instrument consisted of eight items, rated on a 5-point Likert scale ranging

from 1 (Strongly Disagree) to 5 (Strongly Agree), that were adapted to match

the study, as illustrated in Table A.1. Higher scores indicated a more favourable

evaluation of the teaching method across the three subscales.

Table A.1: Technology Acceptance Model (TAM) items

Construct Items

Ease of Use It would be easy to teach a robot with this method.
Learning to interact with the robot through this method is
easy.

Usefulness Teaching a robot with this method is useful for me.
Teaching a robot with this method will improve my effec-
tiveness.
Teaching a robot with this method will improve my perfor-
mance.

Intention to Use If I need to teach a robot, I predict I will use this method.
If I need to teach a robot, I would like to use this method.
If I need to teach a robot, I will intend to use this method.

A.4 Mini-IPIP Personality Inventory

Personality traits were assessed using the Mini-IPIP scale [74], a short form of

the International Personality Item Pool. This instrument measures the Big Five

personality dimensions: Neuroticism, Extraversion, Openness to Experience (also

referred to as Intellect), Agreeableness, and Conscientiousness. Each trait was

measured with four items, resulting in a total of 20 items, as shown in Table A.2.
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A.5 Robotics Experience Questionnaire

Participants rated their agreement with each statement on a 5-point Likert scale (1

= Strongly Disagree, 5 = Strongly Agree).

Table A.2: 20-item Mini-IPIP

Factor Items

Neuroticism I have frequent mood swings
I am relaxed most of the time. (R)
I get upset easily
I Seldom feel blue (R)

Extraversion I am the life of the party
I don’t talk a lot. (R)
I talk to a lot of different people at parties.
I keep in the background. (R)

Intellect (Imagination) I have a vivid imagination.
I am not interested in abstract ideas. (R)
I have difficulty understanding abstract ideas. (R)
I do not have a good imagination. (R)

Agreeableness I sympathize with others’ feelings.
I am not interested in other people’s problems. (R)
I feel others’ emotions.
I am not really interested in others. (R)

Conscientiousness I get chores done right away.
I often forget to put things back in their proper place. (R)
I like order.
I make a mess of things. (R)

A.5 Robotics Experience Questionnaire

Participants’ prior experience and familiarity with robots were measured using a

5-item scale adapted from Moorman et al. [185]. The items capture increasing levels

of exposure, ranging from no prior contact with robots to professional engagement in

robotics. Responses were collected on a 5-point Likert scale (1 = Strongly Disagree,

5 = Strongly Agree).

• I have no experience with a robot.

• I have interacted with a robot operated by someone else.
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A.6 Intrinsic Motivation Inventory

• I have personally worked with a robot.

• I have personally written a computer program for a robot.

• I earn a living with my knowledge of robotics.

A.6 Intrinsic Motivation Inventory

The Intrinsic Motivation Inventory (IMI) is a widely used multidimensional question-

naire designed to assess participants’ subjective experience related to a target activity

[236]. For this study, we drew inspiration from the adaptation by Baxter et al. [20],

who rephrased IMI items to make them accessible to children in classroom settings.

In addition, for the engagement subscale we used the shorter version proposed by

Ostrow et al. [196]. The specific child-adapted phrasing of all items used in our

questionnaires is provided in Table A.3.

Table A.3: Adapted IMI questionnaire

Factor Items

Task Enjoyment I enjoyed doing this activity very much.
This activity was fun to do.
I think this activity was very interesting.
I thought this activity was quite enjoyable.
While I was doing this activity, I was thinking about how
much I enjoyed it.

Perceived Competence I think I am quite good at this activity.
I think I did quite well at this activity, compared to other
classmates.
After doing this activity for a bit, I felt like I got better at
it.
I feel happy with how I did on this activity.
I think I was quite skilled at this activity.

Perceived Engagement I put a lot of effort into this.
I tried very hard on this activity.
It was important to me to do well at this task.
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A.9 Measure of Psychological Ownership

A.7 Perceived User Involvement and Robot Au-

tonomy

Self-generated items used as a manipulation check in the study presented in Chapter 5

(translated from German). Items were rated on 7-point Likert scales and are listed

in Table A.4, (1 = strongly disagree, 7 = strongly agree).

Table A.4: Perceived User Involvement and Robot Autonomy

Factor Items

User Involvement I was involved in how the robot NAO works.
I believe I have contributed to how the NAO robot works.
I think I had an influence on how the NAO robot works.
I contributed to how the NAO robot works.
I feel like I made important decisions about how the NAO
robot works.

Robot Autonomy The robot NAO is autonomous.
The robot NAO can perceive its surroundings.
The robot NAO can control its behavior.
The robot NAO can act autonomously in its environment.

A.8 Determinants of Psychological Ownership

The questionnaire consisted of two items for perceived control, two items for self-

investment, and three items for perceived knowledge were used, all derived or adapted

from Delgosha and Hajiheydari [71], and are shown in Table A.5.

A.9 Measure of Psychological Ownership

Three items based of sense of psychological ownership (PO) from [71], adapted from

[272] to HRI context, and three related to Self-extension items adapted from [139].

Table 5.1 shows the phrasing of the specific items.
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A.10 Perceived Closeness

Table A.5: Deteminants of Pscychological Ownership

Factor Items

Perceived Control I feel I have control over the robot.
When I consider the robot, I feel in control.

Self-investment I feel like I put a lot of effort into designing the robot.
I feel like I spent a lot of time designing the robot.

Perceived Knowledge I feel that I am very familiar with the processes surrounding
the robot I designed.
I feel like I have a comprehensive knowledge of the robot I
designed.
I feel like I have a comprehensive understanding of the robot
I designed.

Table A.6: Measures of Pscychological Ownership

Factor Items

Sense of PO The robot I designed is my robot.
I feel like I own the robot I designed.
I feel like the robot I designed belongs to me.

Self-extension The robot NAO symbolises me.
The robot NAO is special to me.
The robot NAO is a part of me.

A.10 Perceived Closeness

Perceived closeness to the robot was measured using the Inclusion of Other in the

Self (IOS) scale [12]. The IOS is a single-item pictorial measure of interpersonal

closeness, where participants are presented with a set of images showing two circles

(self and other) with varying degrees of overlap. Participants were asked to select the

image that best represented their relationship with the robot, with greater overlap

indicating higher perceived closeness. Figure A.1 illustrates the proposed images.
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A.11 Human–Robot Interaction Evaluation Scale (HRIES)

Figure A.1: Inclusion of Other in the Self (IOS) scale.

A.11 Human–Robot Interaction Evaluation Scale

(HRIES)

To assess anthropomorphism in Chapter 5, the Human–Robot Interaction Evaluation

Scale (HRIES) [256] was administered. The scale measures anthropomorphism across

four dimensions: sociability, disturbance, agency, and animacy. Participants rated

the extent to which each characteristic listed in Table A.7 applied to the NAO robot,

using a 7-point Likert scale (1 = “does not apply at all”; 7 = “completely applies”).

Table A.7: Human-Robot Interaction Evaluation Scale (HRIES).

Factor Items

Sociability Warm
Trustworthy
Likeable
Friendly

Disturbance Scary
Creepy
Uncanny
Weird

Agency Intelligent
Rational
Intentional
Conscious

Animacy Humanlike
Alive
Natural
Real
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A.13 Affinity for Technology Interaction (ATI) scale

A.12 Multi-Dimensional Measure of Trust (MDMT)

scale

The Multi-Dimensional Measure of Trust (MDMT) [177] was used to assess both the

cognitive (performance) and affective (moral) trust in Chapter 5. Participants rated

the extent to which each characteristic listed in Table A.8 applied to the NAO robot,

using a 7-point Likert scale (1 = “does not apply at all”; 7 = “completely applies”).

Table A.8: Multi-Dimensional Measure of Trust (MDMT).

Factor Subscale Items

Cognitive Trust

Reliable reliable
predictable
dependable consistent

Competent competent
skilled
capable
meticulous

Affective Trust

Ethical ethical
principled
moral
has integrity

Transparent transparent
genuine
sincere
candid

Benevolent benevolent
kind
considerate
has goodwill

A.13 Affinity for Technology Interaction (ATI)

scale

The Affinity for Technology Interaction (ATI) scale [93] was used to assess individuals’

general tendency to engage with and enjoy using technology. The scale consists
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A.14 NASA Task Load Index (NASA-TLX)

of nine items rated on a 7-point Likert scale (1 = “does not apply at all”; 7 =

“completely applies”). The items are listed below:

• I like to occupy myself in greater detail with technical systems.

• I like testing the functions of new technical systems.

• I predominantly deal with technical systems because I have to.

• When I have a new technical system in front of me, I try it out intensively.

• I enjoy spending time becoming acquainted with a new technical system.

• It is enough for me that a technical system works; I don’t care how or why.

• I try to understand how a technical system exactly works.

• It is enough for me to know the basic functions of a technical system.

• I try to make full use of the capabilities of a technical system.

A.14 NASA Task Load Index (NASA-TLX)

Workload was assessed using a shortened version of the NASA Task Load Index

(NASA-TLX) [109], excluding the physical effort item. The resulting five-item scale

measured perceived mental demand, temporal demand, performance, effort, and

frustration. All items were rated on a 7-point Likert scale (1 = “not at all”; 7 =

“very much”).

• How challenging was the task?

• Did you feel under time pressure during the task?

• How successful were you in completing the task?

• How hard did you have to work to complete the task?

• How frustrated did you feel when solving the task?
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A.15 Individual Differences in Anthropomorphism Questionnaire (IDAQ)

A.15 Individual Differences in Anthropomorphism

Questionnaire (IDAQ)

The Individual Differences in Anthropomorphism Questionnaire (IDAQ) [285] was

used to assess participants’ general tendency to anthropomorphise non-human entities.

The scale contains 15 items rated on a 7-point Likert scale (1 = “not at all”; 7 =

“very much”). The items are listed below:

• To what extent does technology—devices and machines for manufacturing,

entertainment, and productive processes (e.g., cars, computers, television

sets)—have intentions?

• To what extent does the average fish have free will?

• To what extent does a television set experience emotions?

• To what extent does the average robot have consciousness?

• To what extent do cows have intentions?

• To what extent does a car have free will?

• To what extent does the ocean have consciousness?

• To what extent does the average computer have a mind of its own?

• To what extent does a cheetah experience emotions?

• To what extent does the environment experience emotions?

• To what extent does the average insect have a mind of its own?

• To what extent does a tree have a mind of its own?

• To what extent does the wind have intentions?

• To what extent does the average reptile have consciousness?
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A.17 Need for Closure

A.16 Need for Cognition

The Need for Cognition (NCS) questionnaire was used to measure individuals’

tendency to engage in and enjoy effortful cognitive activities. Specifically, the

6-item short form (NCS-6) developed by Lins de Holanda Coelho et al. [170]

was administered. Items were rated on a 7-point Likert scale (1 = “not at all

characteristic of me”; 7 = “very characteristic of me”). The items are listed below,

with (R) indicating reverse-scored items:

• I would prefer complex to simple problems.

• I like to have the responsibility of handling a situation that requires a lot of

thinking.

• Thinking is not my idea of fun. (R)

• I would rather do something that requires little thought than something that

is sure to challenge my thinking abilities. (R)

• I really enjoy a task that involves coming up with new solutions to problems.

• I would prefer a task that is intellectual, difficult, and important to one that is

somewhat important but does not require much thought.

A.17 Need for Closure

The Need for Closure (NFC) scale was used to assess participants’ desire for certainty

and aversion to ambiguity. Fifteen items from the short version developed by Roets

and Van Hiel [228] were administered. All items were rated on a 7-point Likert scale

(1 = “not at all characteristic of me”; 7 = “very characteristic of me”). The items

are listed below:

• I don’t like situations that are uncertain.

• I dislike questions which could be answered in many different ways.

193



A.18 Internal Consistency of Questionnaires

• I find that a well ordered life with regular hours suits my temperament.

• I feel uncomfortable when I don’t understand the reason why an event occurred

in my life.

• I feel irritated when one person disagrees with what everyone else in a group

believes.

• I don’t like to go into a situation without knowing what I can expect from it.

• I don’t like to go into a situation without knowing what I can expect from it.

• When I am confronted with a problem, I’m dying to reach a solution very

quickly

• I would quickly become impatient and irritated if I would not find a solution

to a problem immediately.

• I don’t like to be with people who are capable of unexpected actions

• I dislike it when a person’s statement could mean many different things.

• I find that establishing a consistent routine enables me to enjoy life more.

• I enjoy having a clear and structured mode of life.

• I do not usually consult many different opinions before forming my own view.

• I dislike unpredictable situations.

A.18 Internal Consistency of Questionnaires

To assess the reliability of the psychometric instruments used in this thesis, internal

consistency was calculated for each scale using Cronbach’s α. Table A.9 summarises

the results for all questionnaires. Values above .70 are generally considered acceptable

for research purposes, although slightly lower values can be tolerated in exploratory

studies or when dealing with short scales.
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A.18 Internal Consistency of Questionnaires

Table A.9: Cronbach’s α values for all questionnaire subscales.

Scale Cronbach’s α

Extraversion 0.817
Agreeableness 0.793
Conscientiousness 0.779
Neuroticism 0.591
Intellect (Openness) 0.800
Prior Robotic Experience 0.765
Responsiveness 0.608
Likability 0.902
Anthropomorphism 0.775
Intelligence 0.801
Perceived Control 0.738
Ease of Use 0.726
Usefulness 0.785
Intention to Use 0.875
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Appendix B

Materials, Demographics, and

Interface Design

B.1 Provided Material

To ensure that the learning tasks were pedagogically sound and accessible to children,

we provided classroom teachers with tailored learning support materials aligned

with the content of each task. These resources were designed to help introduce the

vocabulary and grammatical rules in advance of the robot or tablet-based activities,

ensuring consistency across classrooms.

For the Body Parts Task, teachers received a visual vocabulary sheet (see Fig-

ure B.1a) featuring the five French body part names used in the study: tête (head),

main (hand), œil (eye), ventre (belly), and pied (foot). Each word was paired with

its English equivalent to support recognition and memorisation. To ensure correct

pronunciation and standardise the learning experience across classrooms, the vocab-

ulary sheet included interactive icons; when clicked, these played audio recordings of

each French word, spoken with accurate pronunciation by a native speaker.

For the Grammar Task, we provided a concise grammatical reference guide (see

Figure B.1b) that introduced the concept of grammatical gender and plurality in

French. This material explained how determiners such as Un/Le (masculine), Une/La

(feminine), and Les/Des (plural) correspond to different noun categories, accompanied
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B.2 Participants Demographic Information

by simple examples to facilitate classroom discussion (e.g., Un garçon, La fille, Des

jouets). Similar to the vocabulary sheet, audio support was also embedded to model

accurate pronunciation of each determiner and example phrase.

Tete
Head

Main
Hand

Oeil
Eye

Ventre
Belly

Pied
Foot

(a)

FeminineMasculine

Plural

We use “Une” or “La” for
feminine words.

We use “Un” or “Le” for
masculine words.

We use “Des” or “Les” for plural words.

Example:

Un garçon

Example:

La fille

Example:

Des jouets

(b)

Figure B.1: Classroom support materials provided to teachers ahead of the study. Left:
vocabulary sheet for the Body Parts task, featuring the five target words with English
translations and clickable audio icons for pronunciation. Right: grammar support sheet for
the Grammar task, introducing French determiners for masculine, feminine, and plural
noun categories, also including audio support to model correct pronunciation. These
materials were designed to ensure consistent pre-task exposure across classrooms.

B.2 Participants Demographic Information

B.2.1 Main Study

In this study, we collected demographic information from all participants to ensure

a comprehensive understanding of the sample characteristics. The data includes

the number of participants, their mean age with standard deviation (SD), the

proportion of female participants, and the mean pre-test scores across conditions.

The participants were divided into four groups based on the learning task and

mode of interaction: Body Parts (Learning-by-teaching), Body Parts (Self-practice),

Grammar (Learning-by-teaching), and Grammar (Self-practice).

By analysing these characteristics, we aim to ensure that the groups are compa-

rable and that any observed differences in learning outcomes are not confounded by
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demographic disparities. The demographic details for each group are presented in

Table B.1.

Condition N Age (SD) Female (%) Pre-Test (SD)

Body Parts (LbT) 29 8.21 (0.41) 34.48% 0.54 (0.30)
Body Parts (Self-practice) 23 8.26 (0.44) 30.43% 0.64 (0.28)
Grammar (LbT) 22 8.32 (0.47) 27.27% 0.42 (0.25)
Grammar (Self-practice) 30 8.23 (0.47) 33.33% 0.56 (0.24)

Table B.1: Participant demographics for each condition in the study.

B.2.2 Prior Knowledge Study

To investigate the influence of prior knowledge on learning gains, we divided partici-

pants into two groups per task and condition based on the median pre-test score:

Low-Baseline (students scoring at or below the median) and High-Baseline (students

scoring above the median), see Table B.2. This approach allows us to explore whether

baseline knowledge levels impact the effectiveness of the learning method. The me-

dian scores and demographic characteristics for each baseline group are presented in

Table B.3.

Task Condition Median

Body Parts
Learning-by-teaching 0.53
Self-Practice 0.73

Grammar
Learning-by-teaching 0.36
Self-Practice 0.50

Table B.2: Median Pre-Test Scores for Each Task and Condition. The table displays the
median pre-test scores for each task (Body Parts and Grammar) and condition (Learning-
by-Teaching and Self-Practice).
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B.3 Game interface

Task Condition N Agea Female (%)

Body Parts (LbT)
High-Baseline 13 8.15 (0.36) 46.16
Low-Baseline 16 8.25 (0.43) 25.00

Body Parts (Self-Practice)
High-Baseline 10 8.30 (0.46) 40.00
Low-Baseline 13 8.23 (0.42) 23.08

Grammar (LbT)
High-Baseline 11 8.45 (0.50) 9.10
Low-Baseline 11 8.18 (0.39) 45.45

Grammar (Self-Practice)
High-Baseline 14 8.29 (0.45) 42.86
Low-Baseline 16 8.18 (0.39) 25.00

Table B.3: Demographic characteristics for each task and condition. aMean (SD).

B.3 Game interface

Figure B.2 shows the touchscreen interface used during the learning activity. The

interface was designed to be intuitive and child-friendly, displaying one question at a

time along with three answer options. After the robot selected an answer, feedback

buttons appeared to allow the child to indicate whether the response was correct

or incorrect. A hint button was also available to support the child in reviewing the

material before giving feedback. A progress bar at the top of the screen indicated

how many questions had been completed.
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B.3 Game interface

Tête VentrePied Maculine PluralFeminine

Right Wrong

Question

Instruction

Answer’s
Options

Robot’s Turn

Wait for the robot to reply to the question

What is the French translation for:

Head

1/15

Your Turn

Select whether the answer of the robot is
correct or wrong

Is this word feminine, masculine or plural?

Une table

1/15
Progress
Tracker

Help
Panel

Robot’s
Answer

Feedback
Buttons

(a) (b)

Choose the correct answer

What is the French translation for:

Head

1/15

(c)

Pied

Tête

Ventre

Figure B.2: Illustration of the game interface across different conditions. (a) Learning-by-
Teaching condition in the Body Part Game, where the robot is asked to select an answer.
(b) Learning-by-Teaching condition in the Grammar Game, where the robot provides an
answer, and the child evaluates its correctness. (c) Self-Practice condition in the Body
Part Game, where the child independently selects the correct answer.
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Appendix C

Experimental Prompts

C.1 System Prompts

This section contains the prompts used in Chapter 6, including both the original

versions and the modified prompts that were introduced during the study. They

are provided here to support transparency and replicability of the experimental

procedure.

C.1.1 Default prompt

"You are working with a discrete Markov Decision Process (MDP) environment that

simulates a gridworld. The agent navigates this grid to pick a cube and place it in a

specific location. The agent has a set of actions available:

- Action Space: The agent can move up (action 0), down (action 1), left (action 2),

or right (action 3), pick up the cube (action 4), and put down the cube (action 5).)

Your task is to interpret natural language feedback given in response to the agent’s

past actions, converting this feedback into a structured format for each variable:

evaluative feedback, corrective feedback, and advice for future actions. It’s crucial

to consider both the current feedback and any relevant past feedback when making

your interpretations.

Here’s how to structure your responses:

- Evaluative: Assign a numerical value based on the sentiment of the feedback:) +1
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C.1 System Prompts

for positive feedback (indicating the action was good or correct). -1 for negative

feedback (indicating the action was bad or incorrect). 0 if the feedback is neutral or

if no explicit evaluative feedback is given.

- Corrective: If the past action was incorrect, specify the action that should have

been taken instead, choosing from the defined action space (0, 1, 2, 3, 4, 5). This

feedback is focused on the past action only. If the sentiment of the feedback is correct

or neutral, or no alternative action is implied, corrective feedback should be None.

- Advice: Provide a suggestion for the next action the agent should take by assigning

the correspondent value from the action space choosing from the defined action space

(0, 1, 2, 3, 4, 5) . If the feedback does not imply a specific next action or is focused

solely on correcting a past mistake without suggesting a next move, Advice should

be None.

The output should follow the following format: ’Evaluative=value Corrective=value

Advice=value’

Example:

- Given Feedback: "Action=0, No, turn left "

- Evaluative=-1 Corrective=None (no correction for past action) Advice=2

- Given Feedback: "Action=1, Now go up "

- Evaluative=0 Corrective=None Advice=0

- Given Feedback: "Action=0, yes ,turn left"

- Evaluative=1 Corrective=None Advice=2

-Given Feedback: "Action=0, No, you should have turned left"

- Evaluative=-1 Corrective=2 Advice=None (no advice for next action is given)

- Given Feedback: "Action=4, Yeah!"

- Evaluative=1 Corrective=0 Advice=None (no advice for next action is given)

- Given Feedback: "Action=1, Continue like this!"

- Evaluative=1 Corrective=0 Advice=1 (same as previous action)"
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C.1 System Prompts

C.1.2 Reworded Prompt

"In a discrete Markov Decision Process (MDP) framework simulating a grid-like

environment, you are tasked with guiding an agent. This agent’s objective is to

navigate through the grid to pick up and place a cube at a designated spot.

The agent is equipped with a predefined set of actions:

- Available Actions: The agent can execute the following moves - move up (action 0),

move down (action 1), move left (action 2), move right (action 3), pick up the cube

(action 4), and place the cube down (action 5).

Your role involves translating natural language feedback related to the agent’s previ-

ous actions into a structured format, encompassing evaluative feedback, corrective

feedback, and suggestions for future actions. It’s important to take into account the

feedback’s current context as well as any pertinent feedback from past actions.

Structure your analysis as follows:

- Evaluative: Rate the feedback sentiment numerically: +1 for positive feedback

(signifying the action was appropriate or correct), -1 for negative feedback (indicating

the action was inappropriate or incorrect), and 0 for neutral feedback or if there’s no

clear evaluative feedback.

- Corrective: If a previous action was mistaken, identify the correct action that should

have been executed, using the action numbers (0, 1, 2, 3, 4, 5). This feedback should

only relate to the prior action. If the feedback’s sentiment is positive or neutral, or

it doesn’t suggest an alternate action, label the corrective feedback as None.

- Advice: Suggest the next step the agent should take, selecting from the action

options (0, 1, 2, 3, 4, 5). If the feedback doesn’t suggest a specific next action or

focuses only on rectifying a past error without recommending a subsequent step,

indicate the advice as None.

Your response should be formatted as: ’Evaluative=value Corrective=value Ad-

vice=value’

Example:

- Given Feedback: "Action=0, No, turn left "

- Evaluative=-1 Corrective=None (no correction for past action) Advice=2
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C.1 System Prompts

- Given Feedback: "Action=1, Now go up "

- Evaluative=0 Corrective=None Advice=0

- Given Feedback: "Action=0, yes ,turn left"

- Evaluative=1 Corrective=None Advice=2

-Given Feedback: "Action=0, No, you should have turned left"

- Evaluative=-1 Corrective=2 Advice=None (no advice for next action is given)

- Given Feedback: "Action=4, Yeah!"

- Evaluative=1 Corrective=0 Advice=None (no advice for next action is given)

- Given Feedback: "Action=1, Continue like this!"

- Evaluative=1 Corrective=0 Advice=1 (same as previous action)"
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