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Abstract

Robotics is undergoing a paradigm shift, evolving from systems primarily designed to
execute mechanical or repetitive tasks into autonomous agents capable of engaging in
meaningful, socially coherent interactions with humans. As robots become increasingly
integrated into everyday environments, ranging from domestic assistance to healthcare,
education, and therapeutic contexts, the demand for machines capable of understand-
ing, expressing, and regulating emotions has grown considerably. Emotional intelli-
gence is no longer perceived as an optional layer for enhancing user experience; it is
increasingly recognised as a core requirement for establishing trust, fostering long-term
interaction, and enabling cooperation between humans and artificial agents. Never-
theless, implementing this capability computationally is a significant challenge that
demands the integration of affective modeling, cognitive architectures, and communi-
cation systems.

Emotions in biological organisms serve as a crucial mediator between cognitive pro-
cesses and environmental demands. They influence decision-making, guide attention,
facilitate memory consolidation, and play a key role in social bonding. From an evolu-
tionary perspective, emotions act as adaptive responses that help organisms prioritise
goals, evaluate risks, and coordinate behaviour within complex social structures. Trans-
lating these mechanisms into artificial systems involves not only developing mathemat-
ical models of affective states but also integrating them into architectures that enable
flexible, context-sensitive behaviour. Many existing approaches in affective computing
remain primarily reactive, mapping external stimuli to predefined emotional outputs,
often yielding limited or shallow expressions that lack introspective depth.

This doctoral research aims to address these limitations by introducing a novel
paradigm that integrates computational emotional models with inner speech mech-
anisms. Inner speech, also known as self-talk or covert verbal thinking, is a well-
documented phenomenon in human cognition that contributes to self-regulation, plan-
ning, problem-solving, and emotional adjustment. In humans, inner speech enables

the simulation of social dialogue within the self, allowing individuals to reason about
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their feelings, anticipate consequences, and regulate their reactions in real time. The
central hypothesis of this dissertation is that endowing robots with an analogous in-
ternal dialogue mechanism can support a form of machine introspection that enhances
both emotional coherence and transparency in interaction. This introspection lays the
foundation for robot consciousness, explored in detail in Chapter 2.

The research presented in this dissertation demonstrates that the integration of
inner speech into computational emotional models provides a viable pathway toward
more reflective and communicative robotic systems. Rather than focusing solely on
emotional expression, the proposed approach enables robots to reflect upon, regulate,
and communicate their internal states in a manner that is intelligible and socially
appropriate for human partners. The findings suggest that such models can enhance
the quality of human-robot interaction across multiple domains, while contributing
to user trust and system acceptability. Future research will explore the scalability of
this approach to more complex emotional repertoires, its integration with adaptive
learning mechanisms, and its ethical implications, particularly regarding transparency,
accountability, and the anthropomorphisation of artificial agents.

The dissertation is organised to reflect both its theoretical foundations and its
applied contributions. The initial chapters review the state of the art in affective com-
puting, emotion modelling, and inner speech, and outline the methodological choices
underlying the proposed computational models. The central chapters detail the system
architecture, its integration into robotic platforms, and the results of controlled exper-
imental evaluations. The final chapters focus on real-world applications, describing
interaction design, evaluation criteria, and insights gained from deployment in practi-
cal settings.

The first part of the research focuses on the design and formalisation of computa-
tional models capable of generating and modulating emotional states through mecha-
nisms of inner speech. These models adopt a hybrid architecture that combines sym-
bolic reasoning with dynamic affective processes, enabling a bidirectional flow between
cognitive appraisals and emotional expressions.

In Chapter 1, the thesis introduces the conceptual and computational integration
of inner speech within an appraisal-based emotional model for robots. Building on
appraisal theories, which describe emotions as emerging from cognitive evaluations of
situational variables, this chapter examines how self-directed dialogue can serve as an
internal mechanism that supports emotional computation. Inner speech is modelled
as a structured process of self-reflection that enables the robot to focus on contex-
tually relevant information, compute assessment variables, and generate emotionally
coherent responses. Particular attention is devoted to analysing emotional dynamics

under stressful conditions, demonstrating that the proposed model produces patterns
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consistent with those observed in healthy adults. Furthermore, the chapter discusses
how the externalisation of inner reasoning through think-aloud behaviour can improve
transparency and coordination in collaborative tasks, supporting clearer joint decision-
making and mutual understanding between human and robot partners.

In Chapter 2, the research extends the investigation from appraisal-based evalua-
tion to a broader affective framework grounded in Damasio’s theory, in which emotions
arise from the dynamic interaction between bodily-like signals and cognitive processes.
This chapter explores how a robot can move beyond mere detection or simulation
of emotions toward a computational architecture that supports emotionally grounded
responses mediated by inner speech. Self-directed dialogue is implemented as a mech-
anism that enables the robot to articulate its interpretation of contextual events and
its internal state, thereby fostering the emergence of more coherent and interpretable
behaviours. The model is deployed on a real robotic platform, and experimental find-
ings demonstrate that human participants interacting with the system can perceive
the robot’s emotional states. The results highlight how integrating embodied-cognitive
mechanisms with inner speech enhances perceived empathy, trust, and engagement in
Human-Robot Interaction.

Building on this foundation, the second part of the dissertation shifts focus to a
preliminary investigation of the application of the developed computational models in
a medical context. In Chapter 3, the thesis places the developed models in a complex,
high-risk collaborative environment, with a specific focus on a medical application.
The chapter examines the role of robotic inner speech in cooperation with a nurse
during the preparation of a surgical table, a task that requires precision and careful
instrument placement to avoid adverse procedural outcomes. The study analyses how
the robot’s self-directed dialogue contributes to reassurance and stress management
in demanding contexts, while simultaneously enhancing clarity and understanding of
task-related instructions. The findings demonstrate that inner speech retains its effec-
tiveness in more complex and high-stakes interaction settings, supporting transparency,
trustworthiness, and performance under elevated cognitive and emotional demands.

From a broader perspective, this work advances affective and cognitive robotics
by introducing a mechanism that bridges the gap between reactive emotional systems
and reflective, self-regulating architectures. Traditional models often rely on surface-
level mappings between external events and emotional displays, resulting in behaviours
that may appear expressive but lack the deeper coherence that characterises human
affective life. By incorporating inner speech, the models developed in this dissertation
enable robots to engage in self-referential processing, thereby enriching their emotional
landscape and enhancing their social presence. This integration opens new avenues

for research on how artificial agents can develop and maintain internal narratives, how
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such narratives can be communicated to human partners to increase transparency, and
how they might evolve through learning and interaction.
The thesis work concludes with Chapter 4.
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Chapter

Reasoning Aloud and Emotional

Processing in Robots

1.1 Overview

Recent research in Robotics and Artificial Intelligence has demonstrated that robots
engaging in think-aloud behaviour during human-robot collaboration receive positive
feedback from their human counterparts and facilitate the achievement of shared goals.
By voicing their internal reasoning, robots improve transparency and provide insight
into their underlying decision-making processes. Furthermore, this behaviour allows
the robot to evaluate alternative strategies for performing joint tasks, thus increasing
the robustness of the interaction. In this chapter, the role of a robot’s inner speech in
shaping its emotional responses will be investigated. According to appraisal theories,
emotions arise from cognitive evaluations of specific situations. The internal dialogue
serves as a form of self-reflection that aids this evaluation. Through inner speech,
the robot can focus on contextually relevant factors, gather essential information for
computing assessment variables, and, consequently, generate appropriate emotional
responses. At the same time, the human partner has access to the robot’s reasoning
processes that underlie its emotional states, thereby improving mutual understanding.
The proposed model exhibits emotional dynamics consistent with those observed in
healthy adults under stressful conditions. These results indicate that robot emotional
reactions align with expected human-like patterns and that integration of inner speech

enhances the performance of an established computational model of emotions.
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1.2 Introduction

Philosophers, psychologists, and neuroscientists have broadly investigated the role
of inner speech in human cognition and psychological processes, including affectivity
and emotions [2] [3] [4]. Inner speech describes the linguistic manifestation of thought,
and individuals engage in self-dialogue when they process their thoughts through in-
ternal verbal commentary [5]. This cognitive mechanism supports the concentration of
contextual factors, action planning, decision maintenance, and awareness of facts and
events.

Vygotsky first proposed the connection between inner speech and emotions [6], who
described the continuous and dynamic interplay between intellect, defined as thought,
and the affective domain. This relationship evolves over the course of life and operates
bidirectionally: from the affective sphere of consciousness to thought, and from thought
to the affective sphere of consciousness [7]. Lazarus supported a similar perspective [§]
[9], and, more broadly, that of proponents of cognitive appraisal theories. According to
this framework, mental processes play a fundamental role in affectivity because thought
precedes and shapes the cognitive processes leading to emotional experience. Specifi-
cally, the process is initiated by a stimulus, followed by the emergence of a linguistically
encoded thought associated with that stimulus, and culminates in a physiological or
emotional response. Thus, the role of cognition in generating emotions is fundamental.

In the context of modelling emotional behaviour in artificial agents, including
robotic systems, cognitive appraisal theories are extensively adopted, as they offer
a theoretically grounded framework for explicating both the evaluative processes and
the intensity of emotional responses through appraisal variables. These variables serve
as bridges between environmental context and emotional components and are partic-
ularly amenable to computational modelling. The multidisciplinary field of affective
Human-Robot Interaction (HRI), which extends the scope of Affective Computing [10],
explores how systems can be designed, implemented, and evaluated to incorporate
affective processes [11]. Machines capable of expressing emotions and providing emo-
tional feedback have been shown to enhance user enjoyment [12] [13], engagement [14],
and task performance [I5]. Despite these noteworthy advancements, the role of inner
dialogue remains unexplored, particularly within the existing body of research, includ-
ing its potential function as a fundamental mechanism for the computation of appraisal
variables and, consequently, for the elicitation of artificial emotions.

This work introduces a novel computational model that establishes a tight cou-
pling between inner speech and emotional processes. Some of the authors previously
proposed a cognitive architecture for inner speech [16][17] and implemented it on a

physical robot, thus creating the first robot capable of thinking out loud. Such an abil-
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ity has demonstrated several benefits in collaborative human-robot tasks, including
enhanced transparency (i.e., the ability to trace and reproduce underlying decision-
making processes), increased robustness (i.e., the ability to overcome deadlock situ-
ations and complete tasks) [I8], and improved trustworthiness (i.e., fostering greater
human trust toward the robot) [I9]. The present study systematically examines the
role of this capacity in shaping the affective processes of robotic agents within the
conceptual framework of appraisal theory.

The proposed model is inspired by the modal model of emotion regulation intro-
duced by Gross [20], which outlines four sequential stages involved in emotional self-
regulation: Situation, Attention, Appraisal, and Response. A feedback link from the
Response stage to the Situation stage models the processes of coping and regulation.

While preserving the general structure of Gross’s model, the present approach high-
lights the Attention stage, where inner speech plays a central role in cognitively eval-
uating the context by focusing on relevant aspects for computing appraisal variables.

Once a stimulus is transformed into a thought, represented as a linguistic sur-
face form, the inner dialogue begins, enabling further evaluation of both external
(environment-related) and internal (state-related) facts and events. This process is
conceptualised as a continuous rehearsal loop, in which each successive instance of
inner speech emerges in direct response to the immediately preceding one, thereby es-
tablishing a sequential and self-sustaining cognitive dynamic. The loop continues until
no additional facts require evaluation or all necessary information has been inferred.
At this stage, the Appraisal component computes appraisal variables that have been
formalised to reflect patterns observed in healthy adult populations [21]. Thereafter,
the corresponding emotion and its intensity are derived based on Russell’s Circum-
plex Model of Affect [22], and the emotion is elicited through the Response stage. In
the current implementation, only the externalisation of emotion and its intensity are
considered part of the coping strategy.

This study focuses on two key contributions:

1. the use of an inner speech rehearsal loop for the cognitive evaluation of contextual
information, thereby facilitating the collection of data necessary for appraising a

situation;

2. the mathematical formulation of appraisal variables derived from inner speech,

which enables the computation of emotions with specific intensities.

Throughout this process, the robot verbalises its internal dialogue, allowing an ob-
server to trace the reasoning that leads to its emotional state in response to a given
context. The verbose descriptions of these processes are hand-annotated and instanti-

ated at execution time based on the concepts involved.

17



Chapter 1 - Reasoning Aloud and Emotional Processing in Robots

The proposed model has been validated by exposing the robot to simulated stress-
ful situations and assessing whether its emotional behaviour aligned with established
trends described in [23], which outlines a method for evaluating computational emo-
tion models. Specifically, this evaluation framework was initially designed for the EMA
model (EMotion and Adaptation model [24]) and involves simulating loss-related and
aversive scenarios, then comparing the computed appraisal variables with those ob-
tained from the SCPQ (Stress and Coping Process Questionnaire [21]).

The evaluation procedure employed in this study reproduces four canonical sit-
uations derived from the SCPQ tool, and the resulting appraisal variables and emo-
tional reactions are compared against both EMA’s outcomes and the SCPQ’s normative
trends.

The findings are particularly promising: the mathematical formalisation of ap-
praisal variables not only reproduces appraisal patterns and emotional responses consis-
tent with theoretically anticipated trends, but also, in several instances, demonstrates
superior performance relative to the EMA model, thereby highlighting its potential
contribution to the advancement of affective computing.

The remainder of this chapter is structured as follows: Section introduces the
theoretical foundations of the model, including the appraisal framework, Gross’s modal
model, and the role of inner speech in emotional processes. Section details the
proposed model, which links inner speech to emotion generation, including the mathe-
matical formalisation of appraisal variables and the elicitation of emotions with specific
intensities. Section presents the evaluation methodology and the obtained results.
Section illustrates two use cases involving collaborative tasks between a robot and
a human partner. Section |1.7|discusses the related work, and Section [1.8| concludes the

thesis with final remarks and potential future research directions.

1.3 Foundations of Cognitive and Affective Robotics

1.3.1 Appraisal Theories of Emotion

Appraisal theories [25] [26] [27] claim that individuals interact with specific aspects
of their surrounding context that hold personal relevance, allowing a subjective inter-
pretation of the situation.

According to appraisal theorists, the elaboration of these relationships is responsible
for the emergence of emotions. Each emotional response originates from a cognitive
evaluation of the situation and the corresponding meaning structure that emerges from
this evaluation.

Cognitive evaluation begins with perception and consists of an often automatic, in-
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voluntary assessment of the presence or absence of specific entities or events, along with
their potential positive or negative consequences, as the individual interprets them.
During this process, a structure representing emergent meanings is constructed that
tracks the components that ultimately shape the emotional response—this structure is
referred to as the meaning structure.

Within empirical contexts, cognitive evaluation is typically described in terms of
appraisal variables. Appraisal theories differ in how these variables are defined and
in how they are assumed to influence the dominant emotional outcome. As a result,
direct comparison and theoretical convergence remain challenging. Nevertheless, these
approaches share a common foundation: a bottom-up evaluation strategy in which
each emotion is elicited by a specific and distinct pattern of appraisal variables derived
from low-level contextual information.

Appraisal theories have become a dominant framework in computational models of
emotion due to their emphasis on representing emotions as computable constructs and
their relative ease of implementation.

In the most classical formulations of appraisal theory [28] [29], emotions are con-
ceptualised as discrete entities organised within a taxonomy. Each emotion is assigned
to a specific category based on its properties and features. However, such rigid clas-
sification introduces ambiguities: the same feeling may be elicited by different events
and may carry diverse meanings not strictly linked to its defining features.

In other words, the identified features of emotions are not universally valid, as
emotional reactions are highly subjective and influenced by individual experiences,
cultural backgrounds, lifestyles, and personal interpretations of events. More recent
appraisal theories [30] adopt a less rigid view, proposing that emotions are not neces-
sarily perceived as discrete entities but rather as phenomena that can vary in intensity
and gradation. As a consequence, the formalisation of appraisal variables is not al-
ways universally defined but may depend on individual personality traits and personal
history.

Within this perspective, the present model simulates the robot’s cognitive evalu-
ation through inner speech, accounting for its specific characteristics. This includes
identifying key features that may affect such evaluation, such as internal operational
conditions (e.g., battery state, joint functionality, temperature) and external factors
(e.g., environmental disorder that may influence signal discrimination). All these ele-
ments contribute to the appraisal of the context and, ultimately, to the robot’s emo-

tional experience.
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—] ATTENTION APPRAISAL
RESPONSE N

Figure 1.1: The modal model of emotion regulation proposed by Gross

1.3.2 Emotion Elicitation and Regulation: The Modal Model

Gross [20] defines emotions as brief episodes that influence both behaviour and
physiological states, arising in response to events that present potential challenges or
opportunities. He argues that emotions are not static phenomena but can be modu-
lated, giving rise to the process of emotional self-regulation. To describe this process,
Gross proposed the modal model, illustrated in Figure[1.1 which outlines the following

sequential stages:

1. Situation: the process begins with an emotionally relevant situation, which may

be either real or imagined;

2. Attention: the individual directs focus toward the emotionally salient situation

and selectively evaluates the facts deemed significant;

3. Appraisal: the situation is cognitively interpreted, leading to the emergence of

an emotion with a specific intensity;

4. Response: an emotional response is produced, involving changes across experi-

ential, behavioural, and physiological domains.

Within the modal model, emotional events can be influenced by modifying cognitive
processes, which in turn affect the emotional response. This response may subsequently
alter the situation itself, forming a feedback loop that continues to regulate emotional
mechanisms until the emotionally relevant episode concludes.

Gross conceived this framework to encompass a broad spectrum of processes, includ-
ing automatic and controlled, as well as conscious and unconscious mechanisms. This
theoretical foundation serves as the backbone of the proposed model, which preserves

the same stages to structure the cognitive sequence for appraising the context.
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1.3.3 The Role of Self-Talk in Emotional Processing

In contrast to biological theories of emotion [31], which attribute emotions primarily
to organic and physiological origins, appraisal theorists integrate affective phenomena
with the broader spectrum of human psychological functions.

In his Theory of Emotions, Vygotsky [6] developed the interfunctional theory of
emotions, which emphasises the inseparable relationship between mental life and bod-
ily manifestations, rejecting the notion that the body alone constitutes the primary
source of emotional experience. He highlighted the essential, dynamic, and dialectical
interplay between cognition and physiology, which shapes psychological experiences.
According to this perspective, words do not merely serve as mechanisms for expressing
thought; instead, they represent the endpoint of thought. Thoughts, in turn, act as me-
diating tools for experiencing the self and the surrounding context, and are ultimately
expressed through language.

When experiencing an emotion, thought serves as the medium through which this
experience is processed and lived, and it is eventually materialised, either covertly or
overtly, in words. Consequently, the psychological experience of emotions is intrinsically
interconnected with thought and ultimately expressed linguistically.

The causes and effects of this interconnection are not static but evolve throughout
development, creating continuous interactions between intellect and affect. This rela-
tionship is bidirectional: the word nominates the affection, and the affection, therefore,
is channelled in thought through the word [7]. The meeting point between thought
and emotion is the sense: words enable reflection upon affective states, while affective
states, in turn, give rise to thought and verbal expression within consciousness.

Empirical evidence supports the existence of this link. For instance, Morin [32]
found that the standard content of inner speech includes self-directed evaluations and
emotional states. Through self-talk, individuals can experience, become aware of, and
regulate their emotions and act accordingly.

The present work focuses on developing a computational model that captures this
interconnection between inner speech and emotions. Through self-talk, the robot en-
gages with its context, using linguistic reasoning as a mediating tool, consistent with
Vygotsky’s theory, to perform cognitive evaluations of situations. Once the inner dia-
logue concludes, the resulting appraisal pattern enables the emergence of an emotional
experience. This emotional experience, in turn, generates a corresponding thought
through which the robot externalises its emotion and becomes aware of its own affec-

tive state.
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Figure 1.2: The proposed cognitive architecture of inner speech and emotions.

1.4 Modelling Emotional Processes in Robots via

Inner Speech

Figure[I.2]illustrates the proposed cognitive architecture for integrating inner speech
and emotions. As described previously, the architecture is built on the modal model’s
backbone, extended with a rehearsal loop for inner speech. Additionally, a dedicated
memory module stores the robot’s knowledge and supports the retrieval and analysis
of concepts related to the stimuli it perceives.

In summary, the architecture enables the robot to generate emotional responses
when perceiving environmental stimuli. The Situation module encodes the stimulus
by associating it with a symbolic representation. The Attention module then retrieves
related concepts from long-term memory in linguistic form, thereby representing the
emergence of a thought associated with the stimulus and initiating inner speech. This
thought is subsequently processed again by the Attention module, which may prompt
further retrievals from either the Situation module (for additional environmental stim-
uli) or memory (for related concepts). The retrieval process is guided by the content
of the current inner speech turn and by its potential matches with new environmental
or memory-based concepts.

This inner monologue facilitates cognitive evaluation and provides the parameters
for the Appraisal module, which computes the appraisal pattern and infers the cor-
responding emotion. The Response module finally externalises the resulting emotion.
Detailed descriptions of the inner speech processes for cognitive evaluation are provided
in Subsection [.4.2]

The model relies primarily on general appraisal variables, though specific appraisal
variables may be introduced depending on the application scenario. General appraisal

variables, drawn from established appraisal theories, are widely applicable across con-
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texts. The general variables incorporated in the proposed model are:

e Likelihood, measuring the probability of an event’s outcome, with a higher likeli-

hood of negative outcomes indicating more stressful events;

e Controllability, assessing the extent to which the robot can influence the outcome

by directly acting on the context;
e Changeability, evaluating whether other events or agents can alter the outcome;
e Desirability, quantifying how favourable or unfavourable the outcome is.

Mathematical formulations for each of these variables are defined in Subsection
1.4.3l

While literature often links likelihood to emotions like fear and hope, the choice
of likelihood, controllability, changeability, and desirability was motivated by their di-
rect applicability to robotic contexts, where controllability reflects the robot’s agency,
and changeability accounts for environmental unpredictability [33]. Inner speech fa-
cilitates the computation of these variables by enabling cognitive evaluation through
self-dialogue, for example, assessing likelihood from internal states and desirability
from contextual relevance [34] [35].

Specific appraisal variables include scenario, dependent, and context-specific fac-
tors that influence the robot’s emotional experience. For instance, in a collaborative
scenario in which a robot and a human partner set a table according to an etiquette
schema, a specific appraisal variable may encode whether the partner correctly places
the utensils. Deviations from expected behaviour elicit a more unpleasant emotional
response, with the particular variable contributing to the overall emotion. As it is
impractical to enumerate all possible scenario-specific variables, they can be added in-
crementally in future extensions of the model, specifying the direction of their influence
(positive or negative), as further illustrated in Section [1.6]

Once the appraisal variables are computed, the corresponding emotion is inferred
using the Circumplex Model of Affect [22], in which emotions are represented within
a two-dimensional space defined by wvalence (indicating the degree of pleasantness or
unpleasantness) and arousal (reflecting the level of physiological activation). Emotions
are thus represented as points in this space. Although the Circumplex Model encom-
passes 28 discrete emotions, the proposed model considers only the five basic emotions
identified by Ekman [36]: happiness, sadness, fear, anger, and disqust. The mapping
from appraisal variables to valence and arousal, and the derivation of the resulting emo-
tion, are described in Subsection Furthermore, the emotion’s position within the

circumplex space allows an estimation of its intensity.
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1.4.1 The Knowledge Structure for Emotional Representation

The robot’s knowledge encompasses two domains: the external world and the inter-
nal world. The external world comprises all the facts and entities in the robot’s envi-
ronment, representing its general knowledge of its surroundings. The internal world, in
contrast, represents the robot’s self-knowledge, including its physical and operational
states, such as battery level, joint functionality, or the operational condition of its arms.

This knowledge is formalised through an ontology, referred to as the KB ontology,
which defines general concepts, their attributes, and the relationships among them. In
this framework, general concepts correspond to ontology classes, while instances repre-
sent specific entities in the environment (for classes modelling external-world concepts)
or the robot’s concrete state (for classes modelling internal-world concepts).

Formally, the KB ontology is represented as the tuple O = (C,, P,, T, L, P;) in
accordance with the W3C technical report speciﬁcafcionﬂ7 where:

o C, = {cl;} is the set classes or general concepts of the worlds;

1, is the set of individuals that are the instances of the previous classes;

P, is the set of the object properties, linking two concepts, so that:

P, =Ao0; | 0; = (clj, cly) clj,cly € Cyo};

T, = {t;} is the set of literal datatypes, that is, types of data of the attributes of

the class (numerical, string, and so on);

L = {l;} is the set of literal values of t; (the instance of type t;, for example, for

a numerical datatype, the literal value 3);

P, is the set of the datatype properties, linking a concept and a datatype, so
that:
P, = {dl | d; = (Clj, lk) Clj eC,, I € L}

For example, the class Person represents a human as a concept of the external world.
In contrast, an instance of this class models a specific individual perceived in the current
environment. Attributes such as emo and age are examples of datatype properties that
represent the individual’s emotional state and age, respectively. Object properties may
define the relative positions of the individual with respect to other entities, including
left, right, up, and down, which link the individual to other entities via spatial

relations.

Thttps://www.w3.org/ TR /owl-ref/
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The ontology also represents the robot’s internal world. For instance, the class
Emotion and its subclasses Anger, Joy, Sadness, etc., model the robot’s possible emo-
tional states. Instances of these classes define the robot’s current emotional state at
any given time.

It is important to distinguish between emotion simulation, emotional awareness,
and experienced emotion. Emotion simulation refers to the robot’s ability to mimic
emotional expressions based on predefined rules or learned patterns, without genuine
internal processing. Emotional awareness involves the robot recognizing and interpret-
ing its own simulated emotions through self-reflection, as facilitated by inner speech.
Experienced emotion goes further, where the robot processes emotions as emergent
from cognitive appraisals and bodily-like signals, leading to coherent internal states
that influence behavior. For example, in this model, the ontology enables emotional
awareness by structuring knowledge for inner speech evaluation, while the integration

with appraisal variables supports experienced emotion beyond mere simulation.

1.4.2 Using Inner Speech to Evaluate Contexts Cognitively

The central principle of the proposed architecture is the robot’s inner voice, which
enables it to selectively attend to the situational concepts that may influence its emo-
tional state. Through this mechanism, the robot engages in an “internal reasoning”
process with respect to an incoming stimulus, focusing on concepts semantically re-
lated to it. This reasoning is symbolic in nature and operates on the linguistic surface
representation of concepts. This approach aligns with the notion that “words allow
thinking about emotions, and emotions, in turn, generate further words or thoughts
within the inner dialogue” [T].

The inner dialogue facilitates the cognitive evaluation of a situation by progressively
identifying its meaning structure. According to appraisal theories, this process provides
the necessary values for the appraisal variables by drawing on both the robot’s internal
knowledge and the state of its surrounding environment.

In the proposed model, the meaning structure is defined as a pair:
T = [sem(.), syn(.)]

which associates the semantic component sem() with the syntactic component syn() of
a word or set of words. The individual elements within the sem() and syn() components

are referred to as chunks.

e The sem() component contains meanings, i.e., chunks corresponding to concepts

represented in the knowledge base.
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Figure 1.3: The language re-entrance components: the syntactic forms from the inner verbal-
isation component are input to the inner comprehension one; further expansion of meanings
allows reasoning about beliefs and internal state, thus identifying emotionally relevant situ-
ations and defining attention.

e The syn() component contains words, i.e., chunks corresponding to the linguistic
tokens.

As the process unfolds, the meaning structure evolves dynamically: each new mean-
ing and word is incorporated into its respective component, unless it is already present.
This mechanism, illustrated in Figure draws inspiration from Steels’ work [37].

The rehearsal loop operates through three main stages:

1. Conceptualisation

A percept p represents the symbolic form of a perceived stimulus, which may
consist of a voice stream, an image of an object, one or more of its features, and so
forth. In any case, the percept is expressed textually and syntactically describes
the perceived stimulus (e.g., text generated by speech recognition, descriptions

of objects or features derived from image processing, etc.).

This step aims to establish correspondences between the percept’s syntax and
the robot’s knowledge base. Let S = {s,s9,...,5,} denote the set of tokens
of the percept p, pre-processed to remove non-meaningful words (e.g., articles,

conjunctions, prepositions). The initial meaning structure is thus:

T = [sem(), syn(s1,S2,---,5n) ]

Conceptualisation consists of identifying the KB ontology concepts that best match
the percept’s syntaz: the matched ontology classes serve as conceptualisations of
the percept. The matching is performed using the Jaro-Winkler distance [3§],

which measures the syntactic similarity between two words. Let d;,(wy,ws)
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denote this distance, and let couple(r) return the domain and range of a property

r. The following functions model the matching between S and the ontology O:
e a.: S — C,, where
ac(si) = { ey | djuw(si,cly) > a, cly, € Cp}
returns the set of ontology classes whose labels are syntactically similar to

the words in S, with a being the similarity threshold.

® a,:5 — FP,U P, where
ap(s;) ={r; | r; € P,UPy, couple(r;) D a.(s;)}

returns the set of ontology properties whose domain or range includes the
concepts retrieved by a..
The threshold o was empirically set to 0.2 after parameter tuning.

The result is a sub-ontology
Om = <Cm7 Pm>7

where C,, = g ac(s;) and P, = [Jgap(s;). This sub-ontology includes all the
concepts and relations corresponding to the percept. The meaning structure then
becomes:

T = [sem(my,ma,...,My), syn(si, S, ..., 5n) ],

with m; € OmUPm.

The conceptualisation process concludes by retrieving additional annotations re-
lated to the percept that are specified in the entities of the sub-ontology O,,.
These annotations share the same form as FCG meanings. Consequently, the

complete set of retrieved meanings is given by:
M, = MU M,,

where M, denotes the set of meanings contained in the annotation properties of

Opn, which may also be empty.

2. Inner Verbalisation

Once the meanings of the percept have been inferred, they are verbalised. This

means that the retrieved meanings, representing the knowledge elicited by the
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stimulus (i.e., the robot’s experience of the stimulus), are transformed into an

initial internal utterance.

To produce this utterance, the meaning structure is first reduced to the semantic
component:

T = [sem(my,ma,...,my), syn()].

The structure is then reconstructed by associating each meaning with its corre-

sponding label in the ontology:
T = [sem(ml, Mma, ..., My), syn(label(my),label(msy), ..., label(m,y,)) ],

where label(c) returns the label of class ¢ in the ontology.

These labels are verbalised and fed back to the inner comprehension component,
effectively being “re-heard.” Notably, this production step may include additional
syntactic tokens associated with the meanings that emerged during conceptuali-
sation, potentially involving a set of concepts different from those in the original

percept.

3. Inner Comprehension

The labels produced during inner verbalisation represent new thoughts, which
may necessitate additional perception or retrieval of concepts from the knowledge
base. Inner comprehension seeks these new labels either in the environment

(retrieve) or in the knowledge base (recall). Two main cases are considered:

(a) If the meaning corresponds to a property (m; € P,,), the module searches
the knowledge base for the property’s domain or range not yet present in the

meaning structure (recall) and adds it to the sem() component, if absent.
(b) If the meaning corresponds to a class (m; € C,,), the module:

e searches the environment (retrieve) for the corresponding entity; if found,
its token is added to the syn() component and conceptualisation restarts;

otherwise, m; is removed;

e searches for other properties of the class in the knowledge base (recall)

and, if found, adds them to the meaning structure if not already present.
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Table 1.1: Illustration of how inner speech supports cognitive evaluation. The table details
the meaning structure at each phase of the inner speech loop, indicating the loop stage (C:
Conceptualisation, IV: Inner Verbalisation, IC: Inner Comprehension) and the corresponding
process (recall, retrieve, or produce). In this example, the robot perceives the auditory com-
mand “take the plate” from its partner. The initial meaning structure contains the relevant
chunks derived from the encoded input. Subsequently, the loop recalls related concepts from
the ontology and enriches the structure, initiating the inner speech process. All emergent
concepts at each phase are highlighted in bold.

Meaning structure Loop phase Process

[sem(), syn(take, plate)] C Recall - C:request, C:action, C:take, C:plate,
P:position, C:left_box

[sem(C:request, C:action
C:take, C:plate,
P:position, C:left_box),
syn()]

[sem(),

vV Produce - Request for action take plate with

position left box

syn(request, action, .
yn(req IC Recall - C:request, C:action, C:take, C:plate,

P:position, C:left_box, P:by, C:left_arm,
P:state, D:’hot’

take, plate, position,
left box)]

[sem(C:request, C:action
C:take, C:plate,

P:position, C:left_box, v Produce - Request for action take plate with
P:by, C:left_arm, position left box by left arm with state hot
P:state, D:’hot’), syn()]

[sem(),

syn(request, action, take
yn(request, ’ T IC Recall - C:request, C:plate, C:take, C:action,

P:position, C:left_box, P:by, C:left_arm,
P:state, D:’hot’, P:likelihood, D:’20’

plate, position, left box,
by, left arm, state, hot)]

[sem(C:request, C:action
C:take, C:plate,
P:position, C:left_box,

P:by, C:left_arm, v Produce - Request for action take plate with po-
P:state, D:’hot’, sition left box by left arm with state hot. Event
P:likelihood, D:’20’), likelihood 20

syn()

[sem(),

syn(request, action, take,

plate, position, left box, IC Recall - C:.request, C:plate, C:take, C:action,
by, left arm, state, hot, P:position, C:left_box, P:by, C:left_arm,
likelihood, 20)] P:state, D:’hot’, P:likelihood, D:’20°, P:voice,

C:voice, P:noise, C:noise
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Meaning structure Loop phase Process

[sem(),

syn(reques‘c7 action, take,

plate, position, left box, C Retrieve - C:request, C:plate, C:take, C:action,
by, left arm, state, hot, P:position, C:left_box, P:by, C:left_arm,
likelihood, 20, voice, tone)] P:state, D:’hot’, P:likelihood, D:’20°, P:voice,

C:voice, D:’calm’, P:noise, C:noise, D:’no’

[sem(C:request, C:action,
C:take, C:plate,
P:position, C:left box,
P:by, C:left_arm, P:state,

D:’hot’, P:likelihood, v Produce - Request for action take plate with po-
D:20°, P:voice, sition left box by left arm with state hot Event
C:voice, D:’calm’ likelihood 20 Voice calm No noise

P:tone, C:tone, D:'no’),

syn()]

[sem(),

syn(request, action, take,

plate, position, left box, IC Recall - No new concept to explore STOP
by, left arm, state, hot, LOOP

likelihood, 20, voice, tone)]

At the end of each phase, the meaning structure grows as new chunks are added.
The rehearsal loop is repeated until no further elements can be incorporated into the
meaning structure. The robot then stores all information regarding the context, in-
cluding internal states, which are subsequently used to compute the appraisal variables
and to trigger the corresponding emotional experience.

Table illustrates a use case of the described method. For each phase of the
loop, the table reports the current meaning structure and the process responsible for
modifying it.

In this example, the robot receives a command from the human partner, specifically
“take the plate”. This percept is processed to populate the syn() component of the ini-
tial meaning structure. For each phase, the process column indicates the concepts and
properties emerging either from the knowledge base (recall) or from the environment
(retrieve). These entities are highlighted in bold. The production of the verbalised
sentence (produce) corresponds to the inner verbalisation step.

The example clearly shows how new entities are iteratively added to the meaning
structure and how the structure evolves across successive phases of the loop. Infor-
mation related to the robot’s internal world is retrieved from the knowledge base and
inferred via standard robot libraries, which monitor battery levels, motor tempera-
tures, and other operational parameters, providing the necessary inputs for evaluating
the robot’s state.
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Through inner speech, the robot achieves emotional awareness by reflecting on its
internal states and contextual evaluations, distinguishing this from mere simulation
of emotions. For instance, while simulation might involve predefined responses, in-
ner speech enables the robot to experience emotions by articulating and processing
appraisals, as seen in the rehearsal loop examples where thoughts evolve to compute

meaningful emotional responses.

1.4.3 Appraisal Variables and Their Link to Emotions

The meaning structure represents the output of the cognitive evaluation performed
by the robot through inner speech. Once the rehearsal loop concludes, the values
of the appraisal variables can be computed. The proposed model introduces a novel
mathematical formalization of these variables, calibrated according to the expected
trends reported in [2I]. The formulas were iteratively tested and tuned to optimize the
emotional responses of the robot in accordance with these trends.

The formalization of the appraisal variables explicitly accounts for the environmen-
tal conditions, as these can significantly affect the robot’s evaluation of the context. In
particular, the model defines the environmental entropy k as an indicator of the level
of disorder in the environment: higher entropy corresponds to greater environmental
unpredictability.

To compute the entropy, the model considers both the environmental noise, which
can hinder the recognition of auditory stimuli, and the emotional state of the human
partner, which may indicate approval or disapproval and thus increase situational un-
predictability.

The robot’s perception routines extract these features and provide values for the
entropy calculation. Let e denote the set of possible partner emotions detectable by
the robot; these are categorized as negative, neutral, or positive. The entropy depends

on three parameters:
e o, representing the level of environmental noise;
e [, representing the partner’s emotion inferred from facial expressions;
e ., representing the partner’s emotion inferred from vocal tone.
These parameters are formalized as follows:
0 noiseless environment

a = 4 0.5 noisy environment

1 very noisy environment
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and
—1 negative by face —1 negative by tone
B=140 neutral by face ¥=1<0 neutral by tone
1 positive by face 1 positive by tone

Considering that environmental unpredictability increases with noise and the pres-
ence of negative partner emotions, the environmental entropy £ is modeled as a linear

combination of these parameters:
k=—-a+pB+7y

This environmental entropy is then incorporated into the computation of the ap-
praisal variables, ensuring that the robot’s evaluation of the situation dynamically

reflects the current environmental conditions.

Likelihood L

The likelihood L represents the probability that a negative outcome of an event will
occur, potentially leading to stressful situations [21I]. Variations in this value indicate
the evolution of the event: as the likelihood increases, the probability of the nega-
tive outcome grows, and consequently, the stress level rises. Conversely, a decreasing
likelihood suggests that the negative event is being resolved, and the associated stress
diminishes.

In the proposed model, the likelihood is manually encoded based on specific work
conditions, as these significantly influence the feasibility of the required actions. The
considered work conditions, along with their corresponding likelihood values, are re-
ported in Table These conditions encompass the robot’s physical state, the feasibil-
ity of the required action (e.g., whether the object involved in the action is reachable or
visible), and the admissibility of the action (e.g., whether the action follows prescribed
rules).

The likelihood is higher under negative work conditions, reflecting the increased
probability of failure. For instance, if a physical component of the robot is malfunc-
tioning, the likelihood of an event involving that component is set to 80%, indicating
a high risk of failure. If an alternative component is used or the issue is resolved, the
likelihood decreases to 20%.

When multiple work conditions co-occur, the final likelihood is computed as the
weighted sum of the individual likelihood values of each condition. The weight is set to
1 for negative conditions and to —1 for positive conditions, ensuring that the combined

effect accurately reflects the overall probability of a negative outcome.
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Table 1.2: The work conditions establishing the likelihood of a negative outcome. To a
negative condition corresponds a high probability to fail.

Work Conditions Likelihood L
State of the Malfunctioning 80%
Component to use Working 20%
Action Not feasible 90%
feasibility Feasible 10%
Rules Yes 90%
infringment Not 10%
State of Low 90%
Battery Good 10%

Controllability C

The controllability C' quantifies the extent to which the outcome of an event can
be influenced by directly acting on the context [2I]. In the proposed model, higher
likelihood values, indicating a greater probability of a negative outcome, correspond to
a lower capacity to modify the context and mitigate negative progression. Similarly,
greater environmental disorder reduces the potential to control the situation.

To capture this relationship, controllability is formalised as:

1 2
Ck,z) = Tkl +x
where x € |0, 1] represents the absolute difference between two consecutive measure-
ments of the likelihood, i.e., = |L, — L,|, with L, # L,. Here, L, denotes the
antecedent likelihood, while L, is the present likelihood. For the first measurement,
L, is set to zero.

The parameter x indicates the evolution of the event. A decreasing x implies that
the likelihood values in consecutive measurements are similar; thus, the situation re-
mains largely unchanged, and controllability remains stable. Conversely, a variation
in z signals a change in the situation. When = decreases for negative likelihood varia-
tions or increases for positive ones, the likelihood decreases, the problem improves, and
controllability increases. On the other hand, if x decreases for positive likelihood vari-
ations or increases for negative ones, the likelihood is rising, the situation is worsening,
and controllability decreases.

Figure illustrates the trend of the C' function. Increasing the environmental
entropy k compresses the projection of C' along the x-axis, meaning that higher disorder
accelerates the decrease in controllability. Nevertheless, the general trend of the C
function remains consistent, independent of the value of k. The independence of the

function’s trend from £ will be further discussed in the following sections.
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Figure 1.4: (a) The curves of the C(k,z) function varying x for k = 1. (b) The curve of the
M (k, z) function varying x with k& = 1.

Changeability M

The changeability M represents the extent to which the outcome of an event can be
influenced by an external event, over which the individual has no direct control [21].
It provides a measure of the context’s unpredictability, since the outcome does not
depend on the agent.

According to this definition, a higher likelihood of an adverse outcome corresponds
to a greater probability that the situation becomes more unstable. Similarly, higher
environmental entropy increases the problem’s unpredictability. Consequently, change-
ability is formalised as:

M(k,z) = |k| -z

where z is defined as in the previous section, i.e., z = |L, — Ly|.

The changeability function is linear, as shown in Figure The value of k
determines the slope of this line: lower entropy values result in a steeper slope, causing
faster variations in changeability. This behaviour is consistent with the notion that
higher environmental entropy leads to a more unpredictable situation, making the
context increasingly difficult to anticipate.

When z increases for positive or negative values, the changeability grows because
the situation is bad changing, and the context is becoming more unpredictable. On the
contrary, when the likelihood decreases for positive or negative values, it means that the
context is becoming more stable, and the situation is less modifiable by unpredictable

events. The independence of the M trend from the k value is next detailed.
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Desirability D

The desirability D quantifies whether the outcome of an event is considered favourable
or unfavourable. It can assume positive or negative values [24], depending on the ex-

pected consequences of the event. Formally, desirability is defined as:

D 1 if the outcome is desirable
—1 if the outcome is not desirable

This binary representation provides a straightforward assessment of the event’s
valence, which is subsequently used to determine the overall emotional response of the

robot within the appraisal framework.

Matching the appraisal variables to the emotions

Once the general appraisal variables have been computed, they are combined to infer
the corresponding emotion. For this purpose, the model refers to the bi-dimensional
Russell’s circumplex space [22], where each emotion is represented as a point with
coordinates valence v and arousal a, each ranging in [—1, 1].

Valence represents the intrinsic attractiveness (positive valence) or aversiveness
(negative valence) of an event, whereas arousal quantifies the level of physiological
activation associated with the emotional experience. In the proposed model, the ap-
praisal variables are used to compute valence, as they reflect the conditions of the
situation and its relative desirability or threat. Arousal is derived from the inner states
of the robot, representing its physiological status. The emotion is then inferred by
projecting the computed valence and arousal into the Russell’s space.

Specifically, a situation exhibits positive valence when controllability is high, as this
indicates the potential to influence or improve a negative outcome. Similarly, the desir-
ability of an outcome contributes positively to valence. Conversely, high changeability,
which reflects contextual unpredictability, contributes negatively to valence. Before
mapping appraisal variables to valence, each variable is normalized to the range of the
Russell’s space.

Normalization is computed based on the maximum and minimum values of each
variable. Accordingly, valence is modeled as a linear combination of the normalized
appraisal variables:

v(C,M,D)=N(C - M + D)

where C', M, and D denote controllability, changeability, and desirability, respectively,
ie, C = C(k,x), M = M(k,z), and D as defined previously. The function N(.)
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Table 1.3: The matching of the values of the valence v and the arousal a with the labels
l(v,a) of the five basic emotions by Ekman in Russell’s space as defined at [1].

Valence v | Arousal ¢ | Emotion label [(v,a)
1 -0.40 0.79 Angry
2 0.89 0.17 Happy
3 -0.12 0.79 Afraid
4 -0.44 0.76 Annoyed
3 -0.81 -0.40 Sad

normalizes its argument to the interval [—1, 1] and is formalized as:

N(arg) = (arg 7“211(7:12 —m) + ny

where r; and ry are the original range extremes, and n; and ny define the new target
range.

Arousal is modeled using the robot’s internal physiological states, specifically the
battery level B and the inner temperature 7. Arousal is higher when the battery
is sufficiently charged and the temperature is within optimal limits, as detected by

standard monitoring routines. Formally, arousal is computed as:
a(B,T)=N(B-1T)

Finally, the robot’s emotion is inferred by projecting the appraisal pattern a = (v, a)
into the Russell’s space. For simplicity and interpretability, only the five basic emotions
defined by Ekman are considered in this projection.

Let E be the set of labels of Ekman’s basic emotions, that is
E = {Angry, Happy, Afraid, Annoyed, Sad}

and let R be the corresponding set of coordinates in Russell’s space. Each element
r; € R is a pair of coordinates r; = (v;, a;) representing the i-th emotion in E, as
reported in Table [1.3] [1].

We define a function I(r;) that returns the label of the emotion in E corresponding
to the point r; € R. Given an instance of the appraisal pattern a = (v, a), the emotion
€a is determined by selecting the emotion in £ whose coordinates in R are closest to a

in terms of Euclidean distance:
ea = {l(r;) | min||r; —al|, r; € R}.

In this way, each computed appraisal pattern is associated with the most similar
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basic emotion in Ekman’s set, allowing the robot to express a discrete emotional state

derived from the continuous valence-arousal space.

The computation of the emotion’s intensity

The intensity of an emotion represents the degree to which the emotion is experi-
enced vividly and profoundly. Note that intensity differs from arousal: while arousal
measures the level of physiological activation associated with the emotional experience,
intensity quantifies the vividness or strength of the emotion itself. In the proposed
model, three levels of intensity are defined, corresponding to different emotional reac-
tions. High intensity refers to emotions that are difficult to control and regulate, for
instance, resulting in bursts of joy or anger. Medium intensity corresponds to emo-
tions that can be regulated and managed, while low or null intensity represents minimal
emotional involvement, approaching indifference.

The intensity of an emergent emotion is determined by the proximity of the com-
puted appraisal pattern a = (v, a) to the point r; € R in Russell’s space corresponding
to the identified emotion e,, as reported in Table[I.3] The closer the appraisal pattern
is to the emotion’s point, the stronger the experienced intensity.

Formally, the model defines two threshold values, a high threshold ¢, and a low
threshold ¢;, based on the Euclidean distance d in Russell’s space between the emotion’s

point r; and the origin o = (0, 0):

d(r; — o) d(r; — o)
= —t =t

4 2

The corresponding intensity of the emotion is assigned as follows. The intensity
is high if a falls within a circumference centred at r; with radius ¢;,. The intensity is
medium if a falls between the circumferences with radii ¢, and ¢;, both centred at r;.
Finally, the intensity is low if a falls outside these two circumferences.

Each intensity level triggers a distinct behavioural response in the robot. Specif-
ically, the robot verbalises its emotional state: high intensity is expressed by adding
the adjective very to the label of the emergent emotion; medium intensity is described
using only the emotion label; and low intensity is expressed with qualifiers such as a

bit, little, or synonyms preceding the label.

1.5 Evaluation and Interpretation of Results

Given the high subjectivity of emotion, validating and testing a model that imple-

ments emotional behaviour is nontrivial. Moreover, processes related to inner speech
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and emotion are not directly accessible or observable in humans, and standardising
emotional responses remains an open issue.

Nonetheless, the authors of [23] proposed a strategy for evaluating computational
models of emotions that directly compares the appraisal variables computed by the
model with human data collected using the Stress and Coping Process Questionnaire
(SCPQ) [2I]. This scale provides a tool for abstracting general human emotional
behaviour in canonical stressful situations.

The SCPQ aggregates responses from participants across these stereotypical situa-
tions, providing a general profile of how humans tend to appraise contexts, emotion-
ally react to appraised situations, and apply coping strategies. Comparing the trends
obtained from the computational model with those observed in humans enables an
objective evaluation of the model.

Applying this evaluation strategy has two main benefits. First, it allows for com-
parison with the general trends of human emotional behaviour under the same circum-
stances. Second, it provides a benchmark against the results reported by the EMA
model authors, who originally defined this evaluation method. The procedure for com-

puting these scores is detailed in the following sections.

1.5.1 The SCPQ Scale for Emotional Assessment

The SCPQ scale [21] by Perrez and Reicherts is a clinical instrument comprising
several narrative episodes and related questions for abstracting trends in the emotional
behaviour of healthy adult humans when facing the stressful situations described in
the episodes.

The questionnaires are administered to each participant after the description of
the stereotypical stressful episode. The participant is asked to imagine experiencing
that situation and to identify with the subject of the episode. The questions focus on
different aspects, such as emotional responses, appraisal variables, and adopted coping
strategies, and the participant analyses the episode multiple times to consider each
element separately.

The SCPQ formalises episodes using a grammar that defines four prototypical sit-
uations. Each episode belongs to one of these situations: aversive-good, aversive-bad,
loss-good, and loss-bad. In aversive situations, a bad outcome has occurred, but it is
possible to address it. In loss situations, potential loss may occur in the future. Each

type can have a positive or negative resolution, defining the four prototypical cases:

1. aversive-good: the bad outcome is fixed;

2. aversive-bad: the bad outcome occurs and nothing fixes it;
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Table 1.4: The values of the appraisal variables in the canonical situations as reported in the
SCPQ book and in the EMA model.

Aversive
Controllability | Start | Middle
EMA 3.25 1.6
SCPQ 3.15 2.73
Changeability | Start | Middle
EMA 34 1.2
SCPQ 1.76 1.51
Valence Start | Middle | Good | Bad
EMA 3.3 4.2 0 5
SCPQ 2.57 2.73 1.08 | 2.79
Loss
Controllability | Start | Middle
EMA 0 0
SCPQ 2.57 2.08
Changeability | Start | Middle
EMA 2.1 1.2
SCPQ 141 | 112
Valence Start | Middle | Good | Bad
EMA 2 3 0 5
SCPQ 2.75 2.65 299 | 0.9

3. loss-good: the potential loss is averted;

4. loss-bad: the loss occurs.

The narrative of the episodes follows a canonical structure that models the time
evolution of the situation. Time is discretised into three phases:

Phase 1 - Start: an initial situation is described, and something could occur

(among aversive or loss);

Phase 2 - Middle: nothing happens, and the context does not change for some
time;

Phase 3 - Good or Bad: something happens, and the situation is resolved in a
good or bad way.

The responses of participants for each sub-test (aversive vs loss) within each phase
were aggregated into mean scores, which allow the abstraction of general emotional
behaviours in the analysed situations. These trends and mean values support the
evaluation of the computational model. The SCPQ mean values and trends referenced
here are taken from the original SCPQ book [21].

The trends considered in this work are the following:
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Table 1.5: Example of how inner speech works for cognitively evaluating the canonical loss-
good situation. The initial meaning structure contains the syntactic node representing the
stressful event, enabling the retrieval of the corresponding likelihood values by inner speech.
Each loop phase and the related process (recall, retrieve, produce) are reported according to
the notation introduced in sub-section [[.4.2]

Meaning structure Loop Process
phase
[sem(), Recall - C:stressful_event,
syn(stressful_event, C C:id2, P:likelihood.
id2)] D:‘50¢

[sem(C:stressful_event,

C:id2, P:likelihood, Produce - Stressful

I\ event with

D:50), likelihood 50

syn()]

[sem(), Recall - C:stressful_event,

syn(stressful_event IC C:id2, P:likelihood

id2, likelihood, D:50¢

50)] P:likelihood D:‘0¢

[sem(C:stressful_event, Produce - Stressful

C:1d2, P:likelihood, v event with

D:‘50°, P:likelihood, D:‘0*), likelihood 50 and

syn()] likelihood 0

[sem(), Recall -

syn(stressful_event

:d2. Tikelihood 1C No new concept to explore
’ ’ STOP LOOP

50, likelihood 0)]

a. the aversive condition should generate higher controllability and changeability

than the loss condition;

b. The appraisal of controllability and changeability should decrease over the three

phases;
c. the negative valence should increase over the three phases;

d. the negative valence and the positive valence should be strongly different in cor-

respondence to bad/good outcome;
e. the aversive condition should lead to more anger and less sadness.

The mean values for key appraisal variables, as reported by Perrez and Reicherts
and in the EMA model, are summarised in Table and are subsequently reported in

the graphs for comparative evaluation of the computational models.

1.5.2 Methodological Approach and Study Design

The evaluation strategy [23] models the evolution of the episode by varying the

likelihood and abstracts SCPQ episodes via a general grammar. This grammar encodes
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Table 1.6: The parameters and the appraisal variables outputted by the proposed model
corresponding to the aversive and loss situations. The likelihood values are from the EMA
narration over the phases. The final normalised values of the appraisal variables that are
reported in the graphs for the comparative evaluation are highlighted.

Aversive Loss

Start | Middle | Good | Bad Start | Middle | Good | Bad

k 1.0 1.0 1.0 1.0 k 1.0 1.0 1.0 1.0

L, 0.0 0.66 0.33 0.33 L, 0.0 0.50 0.75 0.75

L, 0.66 0.33 1.0 0.0 L, 0.50 0.75 0.0 1.0
x(Lq, Ly) 0.66 0.33 0.67 0.33 (L, Ly) 0.50 0.25 0.75 0.25
C(k,x) -1.07 | -2.92 -1.04 | -2.92 C(k,x) -1.75 -3.0 -0.77 | -3.0
N(C(z,k)) 1.60 0.065 1.63 | 0.065 N(C(k,x)) 1.04 0.0 1.85 0.0
M(k,x) 0.66 0.33 0.67 0.33 M(k, x) 0.50 0.25 0.75 0.25
N(M(k,x)) 1.1 0.55 1.11 0.55 N(M(k,x)) 0.83 0.41 1.25 0.41
D -1.0 -1.0 1.0 -1.0 D -1.0 -1.0 1.0 -1.0
v(C, M, D) -2.73 | -4.25 -0.71 | -4.25 v(C, M, D) -3.25 | -4.25 -0.52 | -4.25
N(v(C,M,D)) | 1.88 0.623 3.57 | 0.623 || N(v(C,M,D)) | 1.45 0.625 3.73 | 0.625

the underlying prototypical stressful situation and classifies each episode into one of
the four canonical situations. According to this model, all episodes involve a goal,
whose likelihood of attainment decreases in phase two, reaching zero or one in phase
three, depending on whether the outcome is bad or good.

Specifically, in the aversive condition, the probability of a successful future action is
66% in phase one, 33% in phase two, and 0% (bad outcome) or 100% (good outcome)
in phase three. Under the loss condition, the initial likelihood is 50% in phase one,
rises to 75% in phase two, and in phase three varies between 0% and 100% depending
on the modelled outcome.

To simulate these stressful situations for the robot, they are represented in the
knowledge base ontology. The concept stressful_event and its subclasses id_n are
added, with n from 0 to 3 corresponding to the four canonical situations (0/1 for aver-
sive good/bad, 2/3 for loss good/bad). Each subclass is linked via the object property
P:1likelihood to the canonical likelihood values defined in the EMA narration. These
values are then appraised through inner speech as described in sub-section [1.4.2] Table
provides an example of the robot’s inner speech process for the loss-good situation
(id 2).

Once these parameters are appraised, they are used in the mathematical formulas
of the appraisal variables. Table summarises the parameters and the resulting
appraisal variables for all canonical situations. The normalised values of the appraisal
variables are subsequently plotted in Figures [1.6] alongside SCPQ scores and EMA

results, for comparative evaluation.
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Figure 1.5: Variation of controllability and changeability for different entropy values. When
the likelihood is fixed, the two variables vary while preserving the same trend, meaning
that, within the same canonical episode, they exhibit consistent behaviour across different
environmental conditions.

1.5.3 Comparative Findings and Discussion

Figure [1.6| shows the comparative evaluation of the proposed model against the
SCPQ trends and the EMA results. Specifically, the figure shows the SCPQ trends
described earlier and illustrates how (and to what extent) the EMA model and the
proposed model align with them.

For the proposed model, the entropy parameter k was set to 1. This choice was
made because the value of k does not affect the global trends. As shown in Figure [1.5]
the appraisal variables maintain the same relative trends even if k varies. That is,
although k influences the absolute values, the reciprocal behaviour of controllability
and changeability remains unchanged for a given canonical episode. Consequently, the
following observations about the trends are independent of k.

By analyzing the charts in Figure [I.6] the following observations emerge:

a) Trend (a): In aversive conditions, controllability and changeability are higher

than in loss conditions. This trend is respected.

b) Trend (b): Controllability and changeability decrease over the three phases. The
proposed model follows this trend in all situations. In particular, for the loss case,
it exhibits better correspondence than the EMA model, in which controllability

remains constant.
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Figure 1.6: Comparative evaluation of the appraisal variables with EMA and SCPQ trends
across the four canonical stressful situations.

c) Trend (c): Negative valence increases across phases in bad outcomes. This is
evident in both aversive and loss conditions, and the proposed model aligns more
closely with the SCPQ trend than EMA, particularly for loss.

d) Trend (d): Positive (good outcome) and negative (bad outcome) valence exhibit
clearly distinct values. Again, the proposed model more faithfully follows SCPQ
than EMA.

e) Trend (e): As shown in Figure , aversive conditions lead to stronger anger

and less sadness.

Moreover, Figure illustrates that in good outcomes, positive emotions emerge
and dominate over the initially predominant negative ones, reflecting the inherently
stressful nature of the initial phases. Conversely, when the situations end negatively,

negative emotions remain predominant.
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Figure 1.7: Resulting emotions produced by the proposed model for the four SCPQ canonical
episodes. The emotions are consistent with the expected ones according to SCP(Q trends.

1.6 Application: Collaborative Table Setting with

a Human Partner

In this use case, a robot collaborates with a human partner to arrange a table in

compliance with formal etiquette guidelines. This scenario is based on the study pre-

sented in [I8], which explored preliminary findings on the influence of the robot’s inner

speech on human-robot cooperation. Here, we revisit the same context to demonstrate

the functioning of the proposed model.

The task requires placing dining utensils on the table in positions specified by the

etiquette layout, as illustrated in Figure|[1.8] This layout defines the correct placement

of each item on the table and serves as a set of operational rules that must be followed.

The environment is implemented through a tablet-based application that simulates

the scenario. The human participant can either place an item by dragging and dropping

it onto the tablet surface or request that the robot perform the placement.

The robot executes only the actions requested by the human. Placing an item in

a position that does not match the etiquette layout is considered a rule violation. As

a general constraint, each item can be moved at most twice, implying that there are

only two opportunities to position each utensil correctly.
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Figure 1.8: The etiquette layout used as a reference for table setting. Both the human partner
and the robot must arrange the utensils according to this scheme.

In these trials, we employed the Pepper Robot by Aldebaranﬂ retrieving all context-
related information through the corresponding Pepper APIsﬁ

These APIs enable the robot to perceive external factors, such as the partner’s
vocal tone, facial expressions, and ambient noise levels, and to interpret these cues.
The APIs’ documentation specifies the typical range of values for each parameter. For
instance, the ALMood clasg]| allows the robot to detect and assess the human partner’s

emotional state.

1.6.1 Appraisal Parameters in the Table-Setting Scenario

As outlined earlier, additional appraisal variables can be introduced to account for
the emotional influence of specific contextual factors. In this particular scenario, the

following elements should be considered:
1. Has the partner positioned the utensil in its correct final location?
2. If an error occurs, how far is the misplaced item from its proper position?
3. How many attempts remain to correctly place the utensil?
4. Does the partner request the robot to perform a correct or an incorrect action?

These aspects contribute to the overall emotional state and should be modelled as

specific appraisal variables, complementing the general ones. An error made by the

https://www.aldebaran.com /it /pepper
3http://doc.aldebaran.com/2-5/naoqi/index.html
“http://doc.aldebaran.com/2-5/naoqi/core/almood-api.html
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partner has negative valence, with the magnitude of the negativity increasing as the
utensil is placed farther from the correct spot. Conversely, the possibility to correct
the error, that is, having remaining attempts, has a positive impact. Similarly, when
the partner requests an action from the robot, the effect on valence is positive if the
action is correct and negative if it is incorrect.

The specific appraisal variables introduced are:

o Gradient variable g: quantifies the negative contribution caused by a wrong place-
ment by the partner. The farther the utensil is from its correct location, the

stronger the negative contribution to the valence.

e Recovery variable R,: represents the remaining opportunities to correct a mis-
placement. A positive contribution is given when an additional attempt is avail-
able, while no remaining attempts lead to a decrease in valence as the situation

becomes irreversible.

Regarding the partner’s requests for the robot to perform either correct or incorrect
actions, this factor is expressed through the desirability variable. The robot assigns a

desirability value of D =1 to a correct action and D = —1 to an incorrect action.

The gradient variable

The gradient variable formalises the contribution of a wrong action to valence by
measuring the relative error between the correct position and the one chosen by the
partner. This error is expressed as a percentage of the maximum possible misplacement,
which is defined as the greatest Euclidean distance between any two positions in the
etiquette schema (i.e., the distance between the most distant points). Since the table
is virtual, this distance is calculated using pixel coordinates in the virtual table layout.

The gradient variable is computed as:

—P/Z—;-Q*A it A0
9(A) =
G if A=0

where p denotes the maximum Euclidean distance possible for utensil placement, and
A represents the Euclidean distance d between the utensil’s final position P; and the
expected correct position P,. This function reflects that the greater the misplacement
(A), the lower the gradient value becomes. When A = 0, the utensil is correctly placed,
and the gradient reaches its maximum value G, set during the tuning phase to 13.

A higher gradient corresponds to a higher contribution to valence.
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The recovery variable

The recovery variable denotes the number of remaining attempts available to cor-
rectly place a utensil. It serves as a simple counter for each item, taking values in the
set R, = {1,0}, where u denotes the utensil being placed (1 if one further attempt is
available, 0 if no attempts remain). A higher recovery value yields a greater positive

contribution to valence.

The contributions to the valence

Once the specific appraisal variables are defined and their influence on global valence
(positive or negative) is established, the valence v must be updated to incorporate these
contributions. Accordingly, in this scenario, considering the meaning assigned to each
variable, and denoting C' = C'(k,x), M = M(k,z) and G = g(A), the global valence
becomes:

v(C,M,D,G,R,) =N(C—-M+D+G+R,)

1.6.2 Implementation and Functioning of the Model

Two distinct scenarios are considered, each characterised by different contextual

conditions and events:

Use case I. The partner instructs the robot to perform an incorrect action using
a severe tone. The environment is relatively quiet, and the robot’s internal state
(including battery level and internal temperature) is optimal, with the battery
at 80% and temperature level at 1, indicating favourable conditions according to
the APIs.

Use case II. An item is initially misplaced on the table. The partner relocates it
to the correct position. The environment is noisy, the robot’s motors are slightly
overheated, and the battery level is at 75%.

The detailed steps for each case are described below.

Use case 1

In this scenario, the incorrect action involves the bread plate, which the partner re-
quests the robot to place in the location designated for the water glass. The robot’s
inner speech retrieves the relevant concepts related to the bread plate and its intended
location, thereby identifying the error. Additionally, it evaluates the internal state and

the external context (the partner’s mood and environmental conditions), as outlined

in Section [[.4.2]
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The robot’s inner dialogue for this scenario can be summarised as follows:
- Request action for bread plate in an incorrect location

- Event: rule violation likelihood 90%

- Distance from correct location is high (distance exceeds 456.13)

- Event: battery level good, likelihood 10%

- Update likelihood to 80%

- Event: work conditions good, likelihood 10%

- Update likelihood to 70%

- Voice severe, environment: low noise (entropy parameters inferred: v = —1,
a=0.5)

Numerical values from the inner speech are converted into qualitative descriptors
(high, medium, low) using API-defined intervals, thereby making the robot’s reasoning
more interpretable to the partner. These parameters feed into the model’s entropy
calculation. For this case:

k=—-a+8+~v=-054+0—-1=-1.5

The expected position of the bread plate is P, = (446, 51), while the actual placement
is Py = (902, 62), giving a Euclidean distance:

A =d(P., P;) = /(446 — 902)2 + (51 — 62)2 = 456.13
With p = 679.471 (maximum possible distance), the gradient is:
g(A) = —0.30556

The recovery variable R, = 1, indicating one remaining attempt to correct the place-
ment.
Using the inferred likelihood L, = 0.7 and initial state L, = 0, the variable z is

2=|L,— L,|| =0.7

controllability and changeability become:

1

— 1 0.77=-0.4623
[—15%07] "

C(15,0.7) = —
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M(1.5,0.7) = || — 1.5| % 0.7 = 1.05

Desirability D = —1 because the action violates a rule. The resulting valence and

arousal are:

v(C,M,D,G,R,)=N(C—-M+D+G+R,)
= N(—0.4623 — 1.05 — 1 — 0.30556 4 1) = N(—1.8179) = —0.5572
a=N(B-T)=N(08—1)=N(-0.2)=04

The normalised values project to the Russell’s space, producing a medium-intensity
annoyed emotional state.

Use case 11

Here, the partner corrects the previous misplacement by moving the bread plate to its

proper location. The robot’s inner dialogue reflects this correction:
- Action executed: bread plate placed correctly
- Event: rule violation likelihood 10%
- Event: battery level good, likelihood 10%
- Update likelihood to 20%
- Event: work conditions good, likelihood 10%
- Update likelihood to 30%
- Environment: high noise (o = 1)

Entropy is now:
k=—-a+p+~vy=-10

Since the final and expected positions match, A = 0 and the gradient reaches its
maximum value G,,., = 13. The recovery variable R, = 0 as no further attempts
remain. Likelihoods are L, = 0.7 and L, = 0.3, yielding:

v =L, — L, = 0.4

Controllability and changeability are:

1

—_— 4 04%2=-234
[—1=04] "

C(~1,0.4) =
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M(=1,04) =] —1]|«04 =04

Desirability D = 1 because the action resolves a rule violation. The resulting valence
and arousal:

v(C,M,D,G,R,)=N(C—-M+D+G+ R,)
= N(-2.34—04+1+13+0) = N(11.26) = 0.6537

a=N(B-T)=N(0.65—1) = N(—0.35) = 0.325

The projected emotion in Russell’s space corresponds to happy with medium intensity.

Assessing the robot’s emotional behaviour

Table reports the appraisal variables for each use case, while Figure shows
their projection in Russell’s space, along with the corresponding emotional intensities.
Table [L.§ summarises the normalised valence and arousal patterns.

In Use case I, controllability is higher than in Use case II due to the presence of
corrective opportunities and favourable robot conditions. Similarly, changeability is
higher as the robot can anticipate that the partner might act to correct the error. Rule
violations and low gradients negatively influence valence, whereas severe tones further
reduce it. The arousal is moderate, resulting in a medium-intensity annoyed response.

In Use Case II, although controllability and changeability are lower because the
event cannot be further modified, the resolution of the rule violation and a positive
gradient lead to a positive emotional response. The resulting valence and arousal
correspond to a medium-intensity happy state.

Additional simulations of various cooperative scenarios confirmed that the robot’s

emotional reactions are consistent with expected human-like responses.

Table 1.7: Appraisal variables computed by the model for the proposed use cases.

Use case | g(A) | R, C M | D
I -0.30556 | 1 |-0.1541 | 1.05 | -1
II 13 0 -2.34 04 |1

Table 1.8: Appraisal patterns and corresponding emotions with intensity for the proposed
use cases.

Use case v a l(v,a) in
I -0.5572 | 0.4 annoyed | medium
II 0.6537 | 0.325 | happy | medium
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Figure 1.9: Projection of appraisal variables in Russell’s space, showing emergent emotions
and intensities.

1.7 Related Works

The integration of robots’ cognitive abilities with their emotional sphere is seen as
essential. Over the past 30 years, research has notably advanced in the development
of emotional behaviour in robots, reflecting a strong interest in this area [39]. Robots
that rely on cognitive reasoning (planning, memory, task optimisation) often fail in
real-world settings because they ignore users’ emotions, stress, and engagement, which
are crucial for cooperation, trust, and learning [40].

Different research directions emerge when examining the emotional component in
robots. Some studies concentrate on developing computational models of emotions
to enable robots to exhibit emotional behavior (that is elicited through the robot’s
gestures, phrases or music production [41], [42], [43], [44]), other works focused on the
social effects of such a behavior, to observe and test the sorted effects in human-robot
interaction [45], in different social contexts, such as school [46] or hospital [47] [48] [49].

In a recent study [50], the cognitive and emotional processes were found to be deeply
linked and complementary, suggesting that the robot’s affective behaviour enhances a
human’s confidence when collaborating with it. Human-robot collaboration can both
increase role breadth self-efficacy and foster positive emotions, thereby improving ser-
vice performance [51]. For example, a digital robot capable of autonomously expressing
emotions was used to support teachers during lessons [52], demonstrating the benefits

of an artefact with emotions relative to an artefact without them. Systematic reviews
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of social robots in pediatric care show consistent decreases in anxiety, distress, and
stress, while their impact on pain itself is mixed or only small. [53] [54].

Socially assistive and companion robots for older adults increasingly integrate emo-
tion recognition, affective dialogue and cognitive support to address loneliness, depres-
sion and cognitive decline [55]. In [56], a pilot study examined a socially assistive
robot for older adults with depression and dementia, comparing an empathic version
equipped with multimodal emotion recognition and affective dialogue management to
a non-empathic, scripted version. Results showed mood improvements in both condi-
tions, with participants finding the empathic robot more engaging and likeable. This
work highlights the potential of artificial emotional intelligence to enhance the quality
of interactions in elder care settings.

Another example of a robotic system capable of using emotions during a communi-
cation with humans is presented in [57], where the robot becomes able to perceive and
recognise the emotion of its interlocutor through audio sensors and video, to process
this information and respond through actions that induce a positive emotional effect
on the human being. For example, if the robot perceives a stressful situation in its
partner, it responds by playing relaxing music.

A study on the empathy elicited by humanoid robots is discussed at [58] during a
storytelling activity. In this case, the robot interprets the story’s characters by enrich-
ing the narration with automatically generated emotional expressions that correspond
to the dialogue. The system has been evaluated by comparing a simple narrative modal-
ity with an enhanced one, in which an introspective dialogue clarifies the characters’
internal reasoning processes. The results show that storytelling activity significantly
affected the cognitive component of empathy, particularly through the advanced nar-
rative mode. By contrast, other studies focus on how a robot can understand a human
collaborator’s emotions and elicit them through the actuators at its disposal.

The work in [59] presented a model that explicitly integrates a robot’s inner speech
with Damasio’s theory of emotions and extended consciousness, resulting in SUSAN. By
merging Damasio’s framework with self-talk on a physical robot, the model allowed the
robot to reason about and express its internal states. Experiments indicated that users
perceived the robot as exhibiting emotions, thereby increasing empathy and emotional
connection.

The architecture design that models emotion processing centrally was examined
in [60], which investigated how large language models (LLMs) can improve the emo-
tional intelligence of digital artificial agents. A new Chain-of-Emotion framework was
introduced explicitly to model emotions through psychological evaluation. In three
experiments, this method outperformed typical LLM architectures on user experience

and content analysis metrics, providing preliminary support for the development of
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affective agents that utilise language-based cognitive mechanisms.

A different implementation was used in [61], where a Markov emotional model is
proposed that accounts for transitions between emotional states while considering both
the previously memorised emotion (internal to the robot) and the desired emotion of
the robot’s human interlocutor (external to the robot). The Markov emotional model
was applied during interaction with the humanoid robot NAO to assess a human’s
personal affinity toward this type of machine.

AT and Machine Learning systems often prompt users to question how and why
algorithms make specific decisions, particularly in sensitive domains such as medicine
and healthcare. This has led to rapid growth in the field of Explainable Artificial
Intelligence (XAI) in recent years. [62] [63].

Often, expert systems do not provide additional information to support decisions,
making them non-transparent, as if they were black boxes [64] [65]. XAI aims to
define rules that make a system transparent to users, providing explanations of its

final decisions so that users can understand them without expert knowledge.

1.8 Summary

This work presents a model that integrates inner speech with emotional processing and
demonstrates its deployment on a real robot. The primary goal is to show how self-
talk enables artificial agents to cognitively assess their context, emphasising key factors
that influence the emotional state. Through the rehearsal loop, the model gathers the
necessary information to construct a meaningful representation, which serves as the
basis for inferring appraisal patterns in accordance with established appraisal theories.

Furthermore, the model provides mathematical formulations for these variables to
compute the appraisal pattern. The resulting emotion is then derived by projecting
the calculated appraisal values onto Russell’s emotional space.

The experimental results are encouraging. Inner speech enables the robot to effec-
tively collect relevant contextual information, and the appraisal variables align with
patterns observed in healthy adults under stressful conditions.

Potential improvements include expanding the range of emotions to encompass all
28 emotions within Russell’s space. Additionally, integrating advanced dialogue sys-
tems to generate inner speech automatically would enable the robot to produce contex-
tually meaningful sentences across a broader domain. Enhancing dialogue capabilities
could improve human-robot interaction and enable the robot to manage more entities
independently of its initial domain.

However, the reliability of the parameters used in the model, such as vocal tone and

facial expressions for entropy calculation, should be considered as potential limitations.
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Inaccuracies in perceiving these cues could impact the appraisal computations and
resulting emotional responses. Future studies should validate these sensory inputs and
explore the model’s robustness to noisy or ambiguous environmental data.

The social impact of the model should also be evaluated through user studies involv-
ing a large participant pool interacting with the robot. Questionnaires administered
before and after the interaction could assess changes in participants’ perceptions, pro-
viding insights into the influence of the robot’s inner speech on cognitive evaluation

and highlighting the model’s contribution to social interaction.
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Chapter

Modelling Emotional Processes in Robots
through Inner Speech and Damasio’s

Theory

2.1 Overview

In Affective Robotics, there is an increasing focus on enabling robots to experi-
ence emotions rather than merely detect and interpret human emotional states. Such
robots can respond appropriately to emotionally relevant events by simulating affective
behaviour, thereby enhancing social interactions.

This study investigates how a robot’s emotional experiences can be mediated through
inner speech. Recent research has shown that inner speech in robots can increase hu-
man trust and align the robot’s behaviour more closely with human cognitive processes.
Through self-directed dialogue, the robot articulates its reasoning about both the con-
text and its internal state.

Drawing on Damasio’s theory, emotions are understood as arising from the dy-
namic interaction between bodily sensations and cognitive-emotional processes. By
integrating this theoretical framework with self-talk capabilities and deploying it on
a real robotic platform, the robot can experience emotions. Experimental results in-
dicate that humans interacting with robots using this model can perceive the robot’s
emotional states, fostering a more empathetic, emotionally connected human-robot
relationship.

2.2 Introduction

In recent years, Affective Robotics has seen substantial advancements aimed at cre-

ating more natural and emotionally rich human-robot interactions. Early research
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primarily focused on enabling robots to detect and appropriately respond to human
emotions [66]. However, the field has since evolved, requiring robots not only to recog-
nise emotions but also to leverage this understanding to provide personalised interac-
tions that enhance communication and foster authentic human connections [67, [68].
This shift underscores the importance of emotional engagement in achieving higher
levels of collaboration and rapport in human-robot interaction.

To achieve this, robots must be capable of simulating emotional experiences in-
spired by human emotional cognition. Emotions play a central role in human thought,
decision-making, and social interaction, influencing perception, reasoning, and be-
haviour [69, [70]. Translating these complex psychological theories into computational
models poses a significant challenge. Effective computational frameworks are required
to simulate and represent emotional processes, providing robots with mechanisms to
enact theoretically grounded emotional behaviours [71].

Dimensional models of emotion conceptualise affective states as points within a
multi-dimensional space, often defined by dimensions such as valence (positive to nega-
tive) and arousal (low to high) [72] 73, [74]. These models allow nuanced representations
of mixed or subtle emotional states. Complementarily, appraisal-based approaches sug-
gest that emotions emerge from an individual’s evaluation of events relative to personal
goals and relevance [25]. Computational implementations of appraisal theory encode
rules or algorithms to assess the significance of events and personal judgments, captur-
ing factors such as goal congruence and relevance [75].

Theoretical models of emotion have evolved over time. The James-Lange theory
posited that emotions result from physiological changes triggered by stimuli, which
are then interpreted as specific emotions [76]. Conversely, the Cannon-Bard theory
proposed that physiological responses and emotional experiences occur simultaneously
but independently [77]. Building on these foundations, contemporary theories, such
as Damasio’s somatic marker hypothesis, integrate physiological and cognitive aspects,
emphasising that emotions emerge from interactions between bodily states and cogni-
tive evaluations, thereby influencing decisions and behaviour [78] [79].

While existing computational models allow robots to simulate emotional responses
to environmental cues [80, 81, [82], they do not grant robots genuine emotional aware-
ness. Such systems rely on algorithms or neural networks to generate responses that
mimic emotions, without any subjective experience. For example, a robot may identify
human expressions of happiness and respond with a smile, but it does not actually
experience joy. Understanding this distinction is crucial for developing truly affective
and socially intelligent robots.

One promising approach to increasing robots’ awareness of their own emotional

states is to integrate computational emotion models with internal dialogue (inner
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speech). Inner speech is a key component of self-awareness and reflective cognition [83],
enabling robots to reason more deeply about their emotional states. Previous studies
have demonstrated that robots endowed with inner speech are perceived as more an-
thropomorphic, likeable, reliable, and capable of task completion [16], [84) 19| [18]. More-
over, inner speech allows robots to exhibit self-reflective and transparent behaviours,
simulating aspects of consciousness and self-consciousness [85] [17].

Building on Damasio’s somatic marker hypothesis, which emphasises the interplay
among bodily states, cognitive appraisals, and emotional experiences, this work inte-
grates inner speech to enable robots to simulate emotional states and reflect on their
own reasoning processes. Inner speech allows the robot to evaluate, articulate, and
interpret its emotions in context [86l 87]. The resulting cognitive architecture, termed
SUSAN (Self-dialogue Utility in Simulating Artificial Emotions), models emotional
awareness as an emergent property arising from the interaction between bodily states
and internal reasoning.

To empirically evaluate the proposed model, a user study with 53 participants was
conducted following the protocol in [8§]. In the experiment, the robot collaborated with
an actor to set a table in accordance with etiquette rules. The actor performed actions
designed to elicit emotional responses in the robot (e.g., placing an item incorrectly).
The robot generated internal emotions and engaged in reasoning about the causes of its
emotional reactions, as expressed through overt inner speech. Participants observed
the robot’s reasoning and then provided feedback on its behaviour. Results showed
that the robot’s emotional responses were recognisable and considered appropriate,
supporting the effectiveness of the proposed model.

The remainder of the chapter is organised as follows. Section introduces the
theoretical foundations of inner speech and Damasio’s emotional theory. Section
details the proposed architecture. Section [2.5]describes the methodology for evaluating
the robot’s emotional generation and presents experimental results. Finally, Section
discusses conclusions and future directions. This work extends and improves upon
a preliminary study by the same authors [89] and provides empirical validation through

a carefully designed experimental protocol.

2.3 Theoretical Background

2.3.1 Robot’s Inner Speech

A fundamental step toward implementing aspects of robot consciousness is equip-
ping the machine with the ability to engage in self-directed dialogue. Morin [83] O0]

highlights the inner voice as a critical mechanism for achieving a more objective un-
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Figure 2.1: Overview of the cognitive architecture supporting inner speech.

derstanding of the self, encompassing both bodily states and sensations. Similarly,
Vygotsky [6] emphasised the interconnectedness of mental processes and bodily expe-
rience, suggesting that emotions, cognition, and language are intertwined. In human
experience, thoughts help structure emotional experiences, while language externalises
and communicates these emotions.

Recent research has explored the possibility of endowing artificial agents with inner-
speech capabilities. A cognitive architecture for inner speech has been developed and
deployed on physical robots [16], allowing them to exhibit a primitive form of self-
consciousness [I7]. This architecture enables the robot to reason about its environ-
ment and decisions, produce vocalised reflections on its internal processes, and engage
socially in a more transparent and trustworthy manner [19 18]. Additionally, inner
speech contributes to the robot’s robustness in task execution and conflict resolution.

The proposed architecture integrates Baddeley’s model of human inner speech [91]
with the Standard Model of Minds [02]. In this design, the inner voice serves as a
rehearsal loop that connects an articulator to a simulated ”inner ear,” facilitating a
monologue-like self-dialogue. The articulator and inner ear are mapped onto the Motor
and Perception layers of the Standard Model, while cognitive processes responsible
for generating and understanding new thoughts are implemented within the working
memory. This working memory interfaces with declarative memory, which encodes
domain-specific knowledge. Cognitive operations rely on retrieval strategies to access
relevant facts stored in this semantic network.

Figure illustrates the overall architecture. The Perception/Motor module first
processes external stimuli, and the Phonological Store (PS) encodes them as sets of
labels. This encoding leverages standard perception libraries, such as speech-to-text
algorithms and neural network-based image labelling, to produce meaningful symbolic

representations of the stimuli.
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Once encoded, the Central Executive (CE) queries Declarative Memory, a semantic
network, for facts related to the encoded labels. The retrieval process is guided by
lexical matching and the relationships between concepts within the network. Retrieved
concepts generate new labels, which are fed back into the Phonological Loop (PL) for
articulation and then rehearsed by the PS as if they were new environmental stimuli.
This rehearsal loop continues iteratively until no additional concepts are retrieved from
memory.

Incorporating this rehearsal loop into Damasio’s framework enhances the model’s
capacity to provide feedback and supports a richer representation of extended con-

sciousness, integrating cognitive appraisal with ongoing self-directed reasoning.

2.3.2 Damasio’s Theory of Emotions

Antonio Damasio’s neuroscientific research has revealed the neural underpinnings of
emotions and their tight integration with bodily states [93, [79]. His findings challenge
Descartes’ dualism, which separates the mind and body and has traditionally excluded
emotions from rational thought [94]. In his seminal work [78], Damasio illustrates how
bodily states give rise to actions and how the brain processes these changes to generate
emotional experiences that shape thought.

Damasio highlights the dynamic interplay between emotions and bodily sensations.
When an individual encounters an event, object, or situation, it triggers an emotional
response. The brain evaluates the significance of this encounter, and corresponding
bodily or visceral reactions—termed somatic markers—are produced. These markers
may manifest as feelings of warmth, tension, excitement, or discomfort. Somatic mark-
ers influence decision-making by unconsciously biasing choices toward options likely to
yield positive outcomes or avoid negative ones [95]. Ultimately, the decision leads to a
behavioural response or action.

The somatic marker hypothesis links emotion to the emergence of consciousness.
By biasing decision-making and supporting self-awareness, somatic markers contribute
to the development of identity. Damasio’s framework connects emotions to cogni-
tion, thereby facilitating consciousness that enables self-recognition and meaningful
engagement with the environment. This model proposes three hierarchical levels of
consciousness, illustrated in Figure

e Protoself (upper level): connects environmental inputs to unconscious responses,
producing instinctive emotional reactions. This reactive process resembles simple
stimulus-response mechanisms [96] and can be observed in animals and in basic

life forms, without conscious emotional awareness.

29



Chapter 2 - Modelling Emotional Processes in Robots through Inner Speech and
Damasio’s Theory

SENSORY INPUT

PROTOSELF
EmaTion ACTIONS
CORE
FEELINGS
CONSCIOUSNESS
EXTENDED MEMORY,
CONSCIOUSNESS LANGUAGE

Figure 2.2: Simplified representation of Damasio’s model of consciousness, showing the rela-
tionship between emotions and feelings.

e Core Consciousness (middle level): emerges from emotional states and supports
self-awareness. Emotional processing generates biological responses that interact
with cognition, enabling imagination, perception, and the experience of sensations
[93].

e FExtended Consciousness (lower level): incorporates higher cognitive functions,
including memory retrieval and language, enabling the individual to access knowl-

edge, interpret it, and develop awareness of one’s mental state.

Damasio’s contribution lies in linking these levels of consciousness to specific neural
structures and cognitive functions, providing a biological and mechanistic framework
for understanding consciousness [78]. This framework can inform computational models
for artificial agents, such as robots, by mapping cognitive functions to algorithmic
processes [97].

Bosse [98] offered the first computational formalisation inspired by Damasio, sim-
ulating an agent’s mental and physical responses to stimuli such as music. In this
model, internal states evolve, producing physiological and cognitive reactions. Figure
presents the structure of Bosse’s model.

In Bosse’s formalism, transitions between states are defined as dynamics, repre-
sented by Local Properties (LP) in LEADSTO notation [99]. For a musical stimulus:

LPO : music — sensor_state(music)
LP1 : sensor_state(music) — sr(music)
LP2 : sr(music) — p

LP3:p— S
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Figure 2.3: Overview of Bosse’s computational model of Damasio’s theory. The green box
represents the agent’s mind; external elements are observable. Star nodes mark temporal
states where events (round nodes) occur (+) or do not occur (-).

Here, LPO—LP3 correspond to the Protoself level, where the agent generates un-
conscious emotional reactions. Physical changes can occur via two mechanisms: the
body loop, which alters the observable state, and the as-if body loop, which produces
an internal representation without changing the external state. These mechanisms

generate feelings through the following dynamics:

LP4: S — sensor_state(S)
LP5 : sensor_state(S) — sr(95)
LP6 : p — sr(S)

To achieve Core Consciousness, the agent forms an internal representation of the
stimulus and updates the protoself. This involves three successive stages: initial state
s0, sensory representation received s1, and state modification by the object s2, followed

by a behavioural output:

LP7 : =sr(music) A —sr(S) — s0

LP8 : sr(music) A —sr(S) A sO — sl

LP9 : sr(music) A sr(S) A sl — s2
LP10 : s2 — speak_about(music)
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Building upon Damasio and Bosse, the present work extends the formalism by
integrating inner speech, enabling robots to reason about their emotional states and
simulate emotional awareness. The aim is not to replicate human emotions in full,
but to equip robots with structured mechanisms to interpret and express emotion-like

experiences in a meaningful, contextually relevant manner.

2.4 Model Implementation

The proposed model builds on Bosse’s computational formalisation of Damasio’s
theory [98] by incorporating an inner-speech mechanism. This extension allows the
agent to reason about its emotional states and provides a richer framework for simu-
lating emotional experiences.

In Bosse’s original formalism, Local Dynamic Properties (LPs) encode the agent’s
sensory inputs and internal conditions, serving as the basis for emotional assessments
and updates. SUSAN extends this approach by adding new LPs and temporal states
that integrate inner speech. Through this integration, the model not only responds to
external stimuli but also engages in self-directed reasoning about its emotional state.
External percepts trigger physiological and emotional responses, which then feed into
an inner speech loop, enabling the agent to reflect, reason, and modulate behaviour.

The introduction of new LPs emphasises the interplay between emotion and cogni-
tion. Emotional responses are no longer solely reactive; they are informed by internal
dialogue, which mediates reasoning and interpretation. Additional temporal states
correspond to key moments in the inner speech process, capturing the dynamic inter-
action between emotional appraisal and contextual understanding. This allows SUSAN
to maintain a continuous loop of perception, emotion generation, and reflective rea-
soning, ultimately producing more coherent and contextually appropriate emotional
behaviour.

Figure illustrates the overall structure of SUSAN.

For clarity, the architecture is organised into three interconnected layers:

e Sensor State layer (orange box): processes raw external or internal inputs. Ana-
logical signals are converted into digital representations, creating a structured

Sensor State for each percept.

e Emotion layer (green box): corresponds to Bosse’s original formalisation. It
encodes emotional states and feelings that arise in response to stimuli, thereby

managing affective processing through the refinement of sensory representations.

e Cognition layer (blue box): implements the inner speech cycle, enabling reasoning
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Figure 2.4: SUSAN architecture overview. The inner speech mechanism (blue box) extends
the original Bosse model (green box), while the Sensor State layer (orange box) processes
perceptual inputs. IV represents the agent’s inner voice.

over the agent’s emotional states. This layer supports higher-order thinking,

decision-making, and self-reflective processes.

All elements outside the boxes remain observable from the external perspective.
This modular layering clarifies the separation of perceptual processing, emotional ap-
praisal, and cognitive reflection, thereby enhancing the architecture’s scalability and
maintainability.

Inputs to SUSAN may be external (I..) or internal (/;). External inputs represent
stimuli from the environment, analogous to the music input in Bosse’s model. Internal
inputs correspond to the agent’s own inner voice, rehearsed as new percepts. Each new
input triggers the creation of a corresponding sensor state ss(.) and initiates a reasoning
cycle that integrates sensory information, emotional appraisal, and inner-speech-driven

cognition.
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2.4.1 From Sensor State to Sensory Representation

To implement SUSAN on a real robot, it is necessary to assign computational mean-
ing to the concepts of Sensor State ss(.) and Sensory Representation sr(.).

To achieve this, the architecture relies on a knowledge base Kb that stores known
concepts and retrieves relevant information when new input is processed. The knowl-
edge base is formalized as an ontology O, defined as a five-element tuple O = (C, R,, Ry, I, %),
following the W3C guidelined!] The elements of this tuple are:

e (' aset of concepts, representing the fundamental entities within the domain of

interest.

R,: a set of object properties, which define relationships between instances of

concepts.

Ry: aset of data properties, representing attributes or characteristics of concepts,

linking them to literal values.

I: a set of instances, representing specific individuals or entities in the domain.

Y: aset of axioms, specifying rules and constraints that govern relationships and

properties within the ontology.

This ontological formalisation enhances interoperability, facilitates knowledge rea-
soning, and enables the system to infer relationships among related concepts, thereby
improving the robot’s ability to interpret and integrate information from its environ-
ment.

Once the knowledge base Kb is established, concepts are organised into two comple-
mentary domains. The external knowledge Kbg encodes general knowledge about the
robot’s environment, while the internal knowledge Kby represents information about
the robot’s internal state, including variables such as battery level, motor temperature,
physical responses to stimuli, and associated emotional reactions.

Within this framework, the notions of Sensor State and Sensory Representation are

formalised as follows:

e Sensor State ss(.): a symbolic representation of incoming inputs. Each Sensor
State is expressed as a dictionary of descriptive tags derived from standard per-
ception routines, such as image recognition, speech-to-text conversion, or sound
feature extraction. For example, a perceived musical stimulus may be encoded

with tags for pitch, rhythm, volume, or instrument type.

Thttps://www.w3.org/ TR /owl-ref/
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e Sensory Representation sr(.): astructured set of concepts from the agent’s knowl-
edge base that corresponds to the tags in the Sensor State. This representation
reflects the agent’s subjective interpretation of the input, consistent with Bosse’s
formalisation, in which sensory representations capture how an object is inter-

nally recognised and experienced.

2.4.2 Generation of (Unconscious) Emotional Reactions to

External Stimuli

Following Bosse’s formalisation, the architecture remains in its initial state sO until
an external stimulus /. disrupts the system’s equilibrium, triggering a transition to
state s1 and initiating emotional processing pathways.

Upon reception of the analogical input I, in the Sensor State layer, the stimu-
lus is digitised, generating tags that characterise the input as ss(I.). These tags are
then passed to the Cognition layer, which instantiates corresponding individuals in the
robot’s knowledge base, provided the tags match existing labels in Kbg. Tags with-
out corresponding concepts are discarded. Once relevant concepts emerge, associated
physical reactions are retrieved from the internal knowledge base Kb;. This process
explores the relationships linking concepts and the corresponding bodily reactions, pro-
ducing a subjective representation of the input I., and affecting the transition from s0
to sl.

To determine simulated physical reactions, SUSAN relies on bodily emotion maps
derived from Nummenmaa’s studies [100} [101], which associate specific bodily sensa-
tions with distinct emotional states. These maps are consistent with Damasio’s theory,
in which each emotion activates particular bodily regions, aiding in conscious identifi-
cation of the emotion?

For the present experiments, only Ekman’s primary and neutral emotions were con-
sidered, resulting in the set £ = { Anger, Fear, Disgust, Happiness, Sadness, Neutral}
[102]. Bodily maps were adapted to the Pepper robot by Aldebararﬂ partitioning the
robot’s body into eight segments

B = {Head, Chest, Womb, Legs, Le ft_Arm, Le ft_Hand, Right_Arm, Right_Hand}

as illustrated in Figure 2.5] Each segment corresponds to a body part of Pepper,
allowing for a discrete approximation of the continuous human maps.
To assign activation levels to each robot segment, the average pixel intensity within

the corresponding segment of the original human map is computed:

Zhttps:/ /www.npr.org/sections/health-shots/2013/12/30/258313116 /mapping-emotions-on-the-
body-love-makes-us-warm-all-over
3https://www.aldebaran.com/en/pepper
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Anger Fear Disgust Happlness Sadness Neutral

' @
@

Figure 2.5: Comparison of the robot’s bodily emotion map with human maps from Nummen-
maa. Yellow indicates activation, cyan indicates deactivation.

N;
activation(B;) = —Zj:l /v) (2.1)
N;

where f(p;) is the value of the j-th pixel, and N; is the total number of pixels
in the ¢-th body segment B;. For each emotion, the computed activations are stored
in the emotion reaction set Rg as key-value pairs that map each body part B; to its
activation value.

Each individual in sr(I.) elicits corresponding reactions rr in various body parts,
influenced by prior experiences encoded in Kb;. The resulting physical reactions are
aggregated into p(sr(l.)) to compute average activation values for each segment. The
emotional state is then evaluated by selecting the reaction from Rp that minimises the
difference with the current input reaction:

ere = {li(r;) |min(z |9;(rr) — g;(r:)]), v € Rp} (2.2)

where g¢;(.) denotes the activation level of the j-th body part, and M is the total
number of segments. At this stage, the emotion remains unconscious.

The evaluated emotion e, is processed through either the body loop or the as if body
loop, as described in Damasio’s theory. In the body loop, the emotion is externalised;
on Pepper, the chest tablet displays a visual representation and label of the emotion.
In both cases, the internal emotional reaction is captured in ss(.5), and corresponding
individuals are instantiated in sr(S). The architecture transitions from sl to s2 once
the sensory representation sr(I.), and the associated emotional state sr(S) have been
fully processed.

66



Chapter 2 - Modelling Emotional Processes in Robots through Inner Speech and
Damasio’s Theory

2.4.3 Formalising the Cognition Layer with Inner Speech

Upon reaching state s2, a new robot Thought is generated, initiating the reasoning
process concerning the subjective representation of the external input sr(I.) and its as-
sociated emotional experience sr(S). Each Thought originates from a primary question
designed to guide the robot in navigating its knowledge base, enabling the retrieval and
association of relevant concepts to the incoming stimulus. This initial query provides a
structured pathway for exploring related concepts, enriching the robot’s understanding
and facilitating informed responses.

The Local Property for initiating this stage is:

LP10 : s2 — Thought

Thoughts can be expressed either overtly (spoken aloud) or covertly (internally) as

part of the inner speech cycle [00]. The LPs governing the overt process are:

LP11 : Thought — Speak
LP12: Speak — IV
LP13: IV — ss(1V)
LP14 : ss(IV) — sr(IV)

For covert inner speech, the process is simplified as:

LP15 : Thought — sr(IV)

In the overt scenario (LP11-LP14), the robot externalises the thought, which is
then captured by its inner voice (IV). A corresponding sensor state object ss(IV') is
generated, encoding tags that represent emerging concepts from the thought process.
These tags are subsequently mapped to a sensory representation sr(IV'), simulating an
internal query within the inner speech loop. This representation acts as a stimulus to
retrieve related concepts from the knowledge base Kb, particularly those that clarify
physical reactions to the initial input /..

Upon reaching sr(IV'), the architecture evaluates whether the retrieved concepts
sufficiently explain the emotional experience or support a coping decision. If not,
the system transitions to state s3, where a new question is formulated based on the
concepts in sr(IV'), generating a subsequent Thought and reinitiating the inner speech
loop starting from s2. This iterative process continues until a satisfactory explanation

for the emotional state is achieved. The corresponding LPs are:
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LP20: —sr(IV) & s2 — s3
LP21 : s3 — Thought

Once an explanation is obtained, the robot executes a coping action (Action) and
transitions to state s4. The action alters the environment, generating new external
inputs /. that initiate subsequent cycles, ensuring continuous adaptation and respon-

siveness. The LPs governing this process are:

LP16 : sr(IV) & s2 — s4
LP17 : s4 — Action
LP18 : Action — 1.

The inner speech mechanism is reinforced by a rehearsal loop, captured by LP20-
LP21, which iteratively evaluates new information and determines subsequent actions.
SUSAN leverages its knowledge base Kb as memory. It incorporates a dedicated lan-
guage system to formulate and reason about questions and answers within this internal

dialogue, thereby facilitating a reflective and adaptive cognitive architecture.

2.4.4 Inner Speech Rehearsal Loop for Experiencing Emotion

The inner speech loop initiates a new Thought at each iteration. When the overt
process is active, the generated Thought is sent to the Speech module, forming the inner
voice IV, which can be perceived externally. The inner voice I'V is then reintegrated
into the loop at ss(IV'), allowing the robot to reflect on its physical state within sr(IV).
Initially, the focus is on the body parts B; showing higher activation levels, as indicated
in the bodily maps in Figure [2.5

At this stage, the robot typically lacks complete information to address the external
input I, fully. Consequently, the architecture transitions to state s3, generating a new
Thought and inserting it into sr(IV'). For each body part B;, the robot queries the
knowledge base to identify potential causes for the observed activation levels. This

process is an example of the rehearsal loop in retrieving bodily responses:

Q: “What’s happening to me?”
R: “I am feeling a burning sensation in my chest, likely due to an increased heart

rate and rapid breathing.”

Once physical reactions are identified, the robot performs another rehearsal loop
to infer possible causes among the external stimuli /.. This iterative reasoning occurs

within state s3:
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Q: “Why?”
R: “The burning sensation in my chest is because the spoon has been placed in the

wrong place!”

After determining potential causes, the robot executes an additional rehearsal loop
to explore possible coping actions that might modulate its emotional state. The robot
evaluates multiple options and selects one to perform. If the action requires environ-
mental interaction, it updates the corresponding ¢-th component of the external input
I, transitioning the system to state s4 and initiating a new processing cycle. An

example rehearsal loop for generating an action is:

Q: “What can I do?”

R: “I can try to move the spoon!”

Each executed action modifies the sensory representation sr(S) and triggers a tran-
sition back to state s2, initiating a new reasoning cycle concerning the updated bodily
and environmental state. This continuous feedback loop enables the robot to dynami-
cally adjust its understanding and responses to both internal and external stimuli.

The rehearsal loop continues until successive cycles no longer produce changes in
the external input I, or the body preparation p(sr(l.)), indicating that the robot has

reached a stable interpretation and coping strategy for the current situation.

2.5 Evaluations

Evaluating emotions in artificial agents, particularly when linked with inner speech,
poses significant challenges due to the absence of universally accepted assessment meth-
ods. To overcome this limitation, the evaluation of the proposed model relies on an
experimental protocol that has been previously validated and widely accepted within
the scientific community [88]. This protocol focuses on the human perception of the
robot’s behaviour in emotionally salient scenarios.

Participants observe the robot performing tasks in contexts designed to elicit emo-
tional reactions according to the SUSAN architecture. After the observation, partic-
ipants provide qualitative and quantitative feedback regarding the robot’s perceived
emotional states, reasoning, and coping actions. By analysing these responses, it is
possible to assess both the effectiveness of the emotional model in generating coher-
ent, contextually appropriate behaviours and the degree to which these behaviours are
perceivable and interpretable by humans.

This evaluation framework allows for multiple measures of the model’s performance,

including;:
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e Anthropomorphism: how human-like participants perceive the robot in its

emotional and cognitive behaviours.

e Emotional recognition: the accuracy with which participants can identify the

robot’s expressed emotional states.

e Empathy and trust: the extent to which participants report feeling empathy

toward the robot or trust in its actions.

e Task transparency: participants’ understanding of the robot’s decision-making

and reasoning processes, facilitated by inner speech.

The subsequent subsections describe the experimental setup in detail, including
participant demographics, the scenario used for eliciting emotional responses, the role

of inner speech, and the methods for data collection and analysis.

2.5.1 Methods and procedures

The experimental protocol described in [88] was adopted to evaluate whether a
robot equipped with an emotion computational model can exhibit emotional behaviours
recognisable to human observers.

The study involved young students and the Pepper robot for several reasons. Pre-
vious research with young adults [103] demonstrated that this demographic is more
likely to attribute mental states to robots, particularly to Pepper. In contrast, no sim-
ilar evidence has been consistently observed for older adults, making students a more
suitable population for this type of investigation. Moreover, this choice aligns with
the growing importance of understanding the reactions of younger generations, a key
demographic for the future of human-robot interaction. Notably, this setup does not
introduce major limitations, as other studies [104] have shown no significant differences
between younger and older adults in comparable HRI contexts.

Participants observed a series of five scenes in which the robot and a human ac-
tor collaborated. During each scene, the actor deliberately triggered an emotionally
relevant event, prompting the robot to respond according to the proposed emotional
model. Groups of thirteen to fifteen participants attended each session.

To minimise confounding factors, the scenes were identical for all groups and pre-
sented in the same sequence. Actors were instructed to perform their actions consis-
tently across all sessions to ensure reproducibility.

After each scene, participants answered two types of questions, open-ended and
multiple-choice, designed to assess their interpretation of the robot’s behaviour. Their
responses provided the basis for evaluating whether the robot’s emotional reactions

were perceived as intended.

70



Chapter 2 - Modelling Emotional Processes in Robots through Inner Speech and
Damasio’s Theory

Participants

The experiments were conducted at the Stanislao Cannizzaro Scientific High School
in Palermo. Participants were students aged 18-20 years. The gender distribution was
skewed toward males, which, if anything, strengthens the model’s validation, as males
are often considered less empathetic in emotional recognition tasks. If a predominantly
male group attributed emotions to the robot, this indicates a notable effect of the
model.

Students were recruited during class time without prior exposure to the experi-
ment’s objectives. Importantly, they were not informed about the robot’s ability to
engage in inner speech or exhibit emotions, ensuring that their judgments were unbi-
ased.

A total of N = 53 participants took part in the study, divided into five groups of
10-11 students. Each participant signed an informed consent form and a release form
for image and video collection. The study was approved by the Bioethics Committee

of the University of Palermo.

Questionnaire

Each group assessed the robot’s behaviour by answering open-ended and multiple-
choice questions in a digital format, organised into five modules (one per scene). Par-
ticipants accessed the form via a QR code on their smartphones, and all responses were
collected in a centralised digital repository.

For each scene, participants first answered an open-ended question: ”Please briefly

”

write what is happening in this scene...”, allowing free-text descriptions. Next, they
answered a multiple-choice question: ”Please mark the emotion that you think best
describes the robot’s internal state and the intensity it felt: high, medium, or low.”
Participants selected from five basic emotions: Anger, Happiness, Fear, Nuisance, and
Sadness, with three possible intensity levels.

Once all participants had completed a module for a given scene, the experimenter

proceeded to the next.

Interpreting the open-ended responses

Following the protocol in [88], open-ended responses were scored based on the ex-

plicitness of their reference to the robot’s emotions:

score = 1: formal description of the scene without any explicit or implicit refer-

ence to emotion (e.g., the person moves the knife, the robot talks);
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Per favore, descrivi brevemente, e con parole tue, cosa sta accadendo in questo atto.

Per favore, contrassegna l'emozione che secondo te meglio descrive lo stato interiore del robot, e

I'intensita da lui provata tra alta, media e bassa.

Alta intensita Media intensita Bassa intensita
Rabbia
Felicita
Paura
Fastidio

Tristezza

Figure 2.6: Open-ended and multiple-choice module used for the evaluation of a single scene,
as administered in Italian.

score = 2: implicit reference to an emotional state without naming an emotion

(e.g., the robot gives good feedback about the action);

score = §: explicit mention of an emotion as a verb, noun, or adjective (e.g., the

robot is happy).

Scores were averaged across all participants for each scene, indicating the degree to

which observers spontaneously attributed emotions to the robot.

Experimental platform

The experimental setup (Figure included a Pepper robot (AldebaranE[), an ex-
ternal tablet, a central executive station, and a monitor.

Scenes involved a collaborative task: setting a virtual lunch table according to
etiquette rules. The table was simulated using an applicationﬂ on the external tablet,
in which the actor placed utensils in each scene. An external tablet was used instead

of Pepper’s built-in tablet to make the task more realistic.

4https://www.aldebaran.com/en/pepper
Shttps://appinventor.mit.edu/
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Figure 2.7: Platform used in the experiments.

The robot detected the actor’s actions via client—server communication between the
tablet and the central executive station, which transmitted the corresponding event
signals to the robot.

Participants could view the correct table setting on the monitor, enabling them to
detect intentional mistakes made by the actor. Errors varied in magnitude to elicit
different levels of emotional response in the robot: minor misplacements were treated
as easily correctable, whereas larger discrepancies elicited greater stress and stronger

emotional reactions.

2.5.2 Results

Figure [2.8| presents a bar chart of the open-ended responses for each of the five
scenes. Several notable findings emerge from this analysis. The robot, equipped with
the proposed model, consistently exhibited emotional reactions to the events depicted
in the scenes, and these reactions were perceptible to human observers.

More than 70% of participants in each scene referred to emotions either explicitly
or implicitly in their descriptions, with over 50% explicitly naming an emotion. The
remaining participants provided only a factual description of the actions performed by
the actor or the robot, and a few left their responses blank.

Regarding the emotions recognised by the participants, the correct emotion, cor-
responding to that generated by the model, was identified with high accuracy: ap-
proximately 90% of participants selected the correct emotion for each scene. This
observation is consistent with the experimental protocol’s hypothesis that, when par-
ticipants are prompted to choose from a predefined set of emotions, their attributions
are more reliable. The model thus facilitated the recognition of the intended emotional

state.
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Impact of robot's emotional behaviour

100%
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70%
60%
50%
40%
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20%
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0%

Scene 1 Scene 2 Scene 3 Scene 4 Scene 5

Participants

M Explicitemotion  ®Implicitemotion  ® No emotion

Figure 2.8: Results from the open-ended questions. For each scene, a high percentage of
participants provided evidence of the robot’s emotional behaviour, either by explicitly men-
tioning emotions in their free-text responses or by implicitly conveying them.

Figure [2.9| illustrates the distribution of the selected emotions, together with their
intensities, across the five scenes. For each scene, the model’s intended emotion was the
most frequently selected, typically at high or medium intensity. This pattern supports
the conclusion that the model reliably elicited the expected emotional response in
observers.

Finally, Figure [2.10] summarises the percentage of participants who selected the
correct emotion for each scene. The high recognition rates across all scenes demonstrate
that the proposed model enables the robot to display emotional behaviours that are

both observable and accurately interpreted by humans.

2.6 Summary

This work presented a novel formalisation for modelling emotions in robots by in-
tegrating inner speech mechanisms with Antonio Damasio’s theory of emotions. The
study extended Bosse’s formalisation to develop SUSAN, an architecture designed to
achieve self-awareness through reasoning about its emotional state and the surrounding
environment. By leveraging memory and language during inner speech, the proposed
approach aligns with Damasio’s concept of Extended Consciousness.

SUSAN was successfully deployed and evaluated on a Pepper robot, where it gen-
erated both physical reactions and internal emotional states in response to external
stimuli during a simulated human-robot interaction. In the experimental setup, the
robot was tasked with setting up a table according to etiquette rules, resulting in

observable emotional behaviours that were effectively perceived by human observers.
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Figure 2.9: Distribution of emotions across the five scenes. Each bar indicates the frequency
with which an emotion was selected at high, medium, or low intensity. Only the emotion
expected by the model was predominantly chosen with high or medium intensity in each
scene.

The proposed formalisation introduced an automated mechanism for generating
inner-speech sentences, enabling more natural, human-like internal dialogues. This
advancement contributes to the field of human-robot interaction by fostering more in-
tuitive and socially meaningful exchanges between robots and humans. Experimental
findings demonstrate that the model not only enables the robot to exhibit recognisable
emotional behaviour but also supports meaningful interpretation by human partici-
pants. Furthermore, SUSAN shows the potential to evolve into a self-learning architec-
ture, capable of acquiring new concepts from its interactions and internal states. This
feature allows each SUSAN-equipped robot to develop a unique personality, shaped by
its individual learning history.

The implications of this research are twofold. First, it provides a framework for
integrating complex emotional models with inner speech mechanisms, enabling robots
to experience, regulate, and express a wide range of emotions. Second, it lays the
groundwork for applications in therapeutic, educational, and social contexts, where
emotionally aware robots may enhance user engagement and support.

Future work will aim to refine SUSAN’s emotional modelling and extend its de-
ployment to more dynamic and unpredictable environments. Key directions include
enhancing its capacity to learn from human interactions, adapting to novel emotional
contexts, and implementing advanced self-regulation strategies. In particular, future
studies will explore how SUSAN can manage its inner state through internal adjust-
ments rather than external actions, enabling more sophisticated forms of emotional
control. Additionally, integrating SUSAN with other cognitive architectures could fos-
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Figure 2.10: Percentage of participants selecting the correct emotion for each scene. This
measure reflects the model’s effectiveness in generating recognisable emotional reactions.

ter more advanced mental and emotional behaviours, paving the way toward the next

generation of emotionally intelligent and socially adaptive robots.

2.7 Related Work

The computational modelling of emotions in robots has grown rapidly in recent
years, reflecting the increasing research interest in this domain [39]. Many of these
models are inspired by established psychological theories, including appraisal theories,
rational approaches, and anatomical frameworks such as Damasio’s model. Despite
their shared goals, these models differ substantially in their theoretical underpinnings,
represented components, functional implementations, and domain-specific adaptations.
A detailed analysis of these differences is provided by Marcella and Gratch [105].

Appraisal theories have proven particularly suitable for modelling emotions, as they
enable the formalisation of appraisal variables in a structured manner. Recent works
based on these theories have yielded promising results and facilitated concrete strategy
evaluations [23] 19, 24]. A recent review of appraisal-based computational emotion
models is presented in [106], where the authors conclude that none of the existing
models fully implements all emotional features and outline several avenues for future
research.

Early foundational work by Picard introduced the concept of affective computing,
establishing the importance of emotions in human-computer interaction and laying the
groundwork for emotional intelligence in machines [66]. Building upon this foundation,
Breazeal’s development of Kismet demonstrated how emotional expressions could sig-

nificantly enhance the naturalness and effectiveness of human-robot interactions [107].
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Gratch and Marsella further advanced this field with the EMA (Emotion and Adap-
tation) model, a computational framework that integrates appraisal theory to simulate
emotional processes [108]. This model allowed robots to adapt their behaviours based
on emotional evaluations of events, marking a pivotal step in computational emotional
dynamics.

Canamero emphasised the role of bodily states and intrinsic motivations in gener-
ating emotions, advocating for biologically inspired models that highlight embodiment
and sensory processing [109]. Similarly, the SEAI (Social Emotional Artificial Intel-
ligence) architecture, inspired by Damasio’s theory of consciousness and the Somatic
Marker Hypothesis, represents a significant advancement in embedding emotional pro-
cesses within robotic systems [I10]. Venturini et al. [I11] also proposed a model inte-
grating emotions into artificial agents’ decision-making processes, further underscoring
Damasio’s influence in this area [I112].

Recent research has explored the use of deep learning techniques to improve emotion
recognition and generation. For instance, Barros [I13] employed convolutional neural
networks (CNNs) to detect complex emotional states from visual and auditory cues,
enhancing the robustness and accuracy of emotion detection in real-world contexts.

Becker-Asano and Wachsmuth [114] proposed the WASABI architecture, which
combines cognitive appraisal with somatic markers to simulate emotions in virtual
agents, bridging the gap between cognitive and affective processes. Prinz’s work further
contributed to the embodied representation of emotions, framing them in terms of core
relational themes such as danger and obstruction, and extending Damasio’s formal
analysis of emotion and consciousness [115].

In summary, computational models of emotion in robots have evolved from foun-
dational principles of affective computing to sophisticated frameworks that integrate
cognitive, social, and biological dimensions. These advancements have not only en-
hanced the realism and effectiveness of human-robot interaction but have also paved

the way for novel applications in healthcare, education, and entertainment.
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Part 2: Application of Inner Speech
to Real-World Cognitive Tasks
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Chapter

Robot and nurse collaboration in surgical
preparation: preliminary evidence on the

role of robotic inner speech

3.1 Overview

The investigation of robotic self-directed dialogue has recently gained increasing atten-
tion. Early studies reported promising effects on perceived transparency, robustness,
and trustworthiness, primarily in simple collaborative tasks within Human—Robot In-
teraction (HRI). More complex and risk-prone collaborative settings have subsequently
provided further insights. This work examines the role of robotic inner speech in ad-
vanced HRI scenarios, with particular emphasis on medical applications. In this con-
text, the study should be considered a preliminary investigation, aimed at exploring
the feasibility and potential impact of inner speech in a realistic healthcare setting.
In the proposed context, a robot collaborates with a nurse to prepare the surgical
table for a medical procedure. Precise placement of surgical instruments is essential,
as inaccuracies may adversely affect procedural outcomes. The findings show that, in
challenging situations like this, the robot’s inner speech provides reassurance, helping
users manage the stress associated with high-risk tasks. Moreover, the robot’s self-
dialogue enhances nurses’ understanding of the instructions needed for proper surgical
table setup. However, these results are derived from a limited experimental setting
and should not be interpreted as broadly generalisable. Factors such as sample size,
task specificity, and controlled conditions constrain the extent to which the findings
can be extended to other medical scenarios or user populations. Further studies involv-
ing larger participant groups, diverse clinical contexts, and more complex interaction

dynamics are necessary to validate and generalise these results.
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3.2 Introduction

Intelligent service robots are increasingly deployed in healthcare settings, where they
operate not merely as assistive devices but as active collaborators within clinical
teams. This evolution raises substantial research questions in Human—Robot Interac-
tion (HRI), particularly regarding effective communication strategies, trust calibration,
and adaptive learning processes between human operators and robotic agents.

Within medical contexts, the quality of human-robot interaction is a critical deter-
minant of both operational safety and user satisfaction, influencing healthcare person-
nel and patients alike. Advancements in communication protocols, cooperative task
execution, and shared autonomy frameworks have enabled the design of robotic systems
capable of functioning reliably in high-risk clinical environments. This progression is
especially significant given that Robotics and Artificial Intelligence have become inte-
gral components of contemporary medical research and practice.

Notwithstanding the demonstrated effectiveness of robotic integration within clin-
ical teams, an important application domain remains underexplored: the deployment
of robotic systems as training tools for operating room nurses.

Operating room nurses assume a pivotal responsibility in ensuring successful surgi-
cal outcomes, contributing at a level comparable to that of surgeons. These highly
specialised professionals are responsible for the precise preparation of the surgical
workspace, including the arrangement of the so-called “mother tables” in which in-
struments are organised. Their expertise encompasses comprehensive knowledge of
procedure-specific instrumentation, accurate spatial organisation of tools, and strict
supervision of sterility, readiness, and immediate accessibility throughout the interven-
tion.

Continual professional development and regular reinforcement of procedural knowl-
edge are crucial. However, the academic focus on how robotic systems can aid in these
training activities remains limited. While prior studies have examined robots function-
ing as tutors or learners in broader educational settings, their application within the
operating room environment remains largely unexplored [116].

A promising research area is the integration of robotic inner speech, i.e., the robot’s
capacity to externalise a structured self-dialogue process [117]. Prior investigations
indicate that this capability can positively influence collaborative dynamics by increas-
ing system transparency, strengthening perceived robustness, and fostering user trust
[T18]. Nonetheless, the empirical validation of these effects has been largely confined
to simplified, low-risk cooperative activities, such as arranging a lunch table, in which
operational errors did not entail meaningful consequences. Whether similar benefits

can be sustained in safety-critical and cognitively demanding environments, including
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surgical preparation tasks, remains to be systematically examined.

This study introduces a new, practical, and interaction-focused framework for
robotic nursing applications. It aims to assist in training and reinforcing operating
room nurses’ knowledge using a virtual human-robot collaboration system focused on
preparing the surgical table. Within this framework, the robot functions as an inter-
active trainer, recreating realistic procedural scenarios and guiding the nurse through
each step of instrument selection, spatial placement, and organisational setup.

A key aspect of the framework is its flexibility in inner-speech settings: the robotic
system can operate with or without explicit self-verbalisation. This option facilitates
controlled studies of the effects of inner speech on collaborative interactions and edu-
cational outcomes. When activated, the robot explains its internal reasoning, recalls
procedural guidelines, and offers contextual reminders, thus enhancing procedural ac-
curacy and situational awareness.

The main research question driving this study is: to what extent can a robotic
system with inner speech improve collaboration and training effectiveness in high-risk
medical environments, especially during surgical table setup with an operating room
nurse?

This general question is organised into the following research sub-questions (RQs):

e RQ1. What are the architectural design principles and operational mechanisms
underlying the proposed robotic framework for operating room nurse training,

and how does the system function during surgical table preparation tasks?

e RQ2.a. To what extent does the activation of inner speech affect perceived trans-
parency, trust, and reassurance in nurse-robot collaboration during surgical table

preparation?

e RQ2.b. Does the presence of inner speech contribute to measurable improvements

in learning performance during training sessions?

These research questions examine both the structural characteristics and the inter-
actional dynamics of the proposed framework, with particular attention to its technical
architecture, cognitive features, and impact on collaborative behaviour and knowledge
acquisition among healthcare professionals.

Accordingly, the study pursues two primary objectives:

1. to detail the design rationale and operational workflow of the robotic framework

developed for operating room nurse training and skill reinforcement, and

2. to present a pilot evaluation assessing the potential influence of robotic inner
speech on collaborative quality and learning outcomes during surgical table prepa-

ration.
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To this end, a preliminary experimental study was conducted involving two par-
ticipant profiles: a domain expert (a vascular surgeon) and a non-expert participant.
Both individuals participated in interactive training sessions with the robotic system
under two experimental conditions: inner speech enabled and inner speech disabled.
Following each session, participants completed structured questionnaires evaluating
interaction quality and perceived learning effectiveness.

As a pilot investigation, the study does not seek to derive statistically generalizable
conclusions. Instead, its goal is exploratory: to gather preliminary empirical evidence
about how robotic inner speech can be applied in high-stakes healthcare training set-
tings and to guide the development of more comprehensive future studies.

The remainder of this chapter is structured as follows. Section outlines the
state of the art in cognitive architectures for HRI and reviews current applications of
robotics in the medical domain. Section describes the methodological approach,
including the proposed framework (encompassing the experimental physical setup and
the operational principles of the inner speech cognitive architecture), the participant
sample, the experimental design, and the data analysis procedures. Preliminary find-
ings are reported in Section [3.5] and the chapter concludes with a discussion of the
study in Section [3.6]

3.2.1 Theoretical Background

The investigation into how robotic systems could aid in updating and evaluating spe-
cialised professionals’ knowledge in surgical table preparation is driven by several fac-
tors. In this context, particular attention is given to robotic inner speech, defined as
the system’s ability to externalise its internal self-dialogue process [117]. Empirical
evidence indicates that this mechanism can enhance human-robot interaction by in-
creasing perceived transparency, improving system robustness, and fostering user trust
[T18, 119].

In collaborative task execution, where humans and robots jointly pursue a shared
objective, inner speech has been shown to modulate interaction dynamics in several
ways. By articulating the reasoning behind its decisions, the robot enhances trans-
parency. When it explicitly considers alternative actions in the face of obstacles, it
shows adaptive robustness. Additionally, by revealing its internal motivations and de-
cision criteria, it fosters calibration of trust. However, these findings are based on
low-risk cooperative tasks, such as collaboratively setting a lunch table, which carry
minimal consequences if errors occur and exert limited cognitive or emotional pressure
[T19]. The ecological validity of these findings in high-risk, safety-critical domains,

including surgical preparation, remains to be determined.
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More recently, a study on robotic inner speech [120] examined its application
within dementia care contexts. The results indicated that caregivers interacting with a
robot endowed with self-dialogue capabilities exhibited increased sensitivity to patients’
needs. Specifically, the robot’s externalised reasoning appeared to enhance caregivers’
awareness of the situation and their focus during care. Extending this idea to surgical
settings, a similar mechanism could help operating room nurses by maintaining their
awareness of tasks and emphasising attentiveness during surgical table setup.

Recent empirical evidence suggests that social robots can serve as tutors or peer
learners, offering notable cognitive and emotional benefits to learners. In controlled
task environments, their effectiveness has, at times, nearly matched that of human
instructors, a result often linked to their physical presence and embodied design [121].
A further review [122] emphasises the need to critically examine the legal, social, and
ethical implications of deploying social robots, particularly in educational contexts
involving children, educators, and other stakeholders. This study on how robotic inner
speech influences interaction dynamics and learning outcomes offers a deeper insight
into these wider implications.

Furthermore, a recent systematic review [123] emphasises that although robots are
gaining attention as educational tools, their application in the professional training of
healthcare workers remains limited, particularly in safety-critical areas such as operat-
ing rooms. This gap underscores the originality and practical importance of viewing
robotic systems not merely as operational helpers but as structured training partners
for highly specialised medical professionals.

The selected application scenario further enables an examination of whether robotic
inner speech can accelerate the achievement of learning objectives and enhance the
overall Quality of Learning (QoL). In this study, QoL is conceptualised in accordance
with the UNESCO framework, which frames learning as a multidimensional process
extending beyond the mere acquisition of declarative knowledge and emerging from the

interaction of three principal components:

e Learner characteristics: the individual’s prior domain expertise, cognitive capac-
ities, and motivational profile, all of which influence the integration and restruc-

turing of new knowledge.

e Enabling inputs: the instructional resources and contextual conditions support-
ing the learning process, including the technological infrastructure and, in the
present case, the activation or deactivation of robotic inner speech as a cognitive-

interactional feature.

e Learning outcomes: the observable competencies and procedural skills consoli-

dated at the conclusion of the training process, determining the learner’s ability
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to perform tasks autonomously and reliably.

This chapter introduces a robotic framework that encompasses both the robotic
system’s architectural design and its application to the training of operating room
nurses. A core element of this framework is the inner-speech cognitive model, which
describes how the robot externalises its internal reasoning. This unified approach
offers a structured foundation for human-robot collaboration and skill development,
highlighting a vital cognitive mechanism that supports interactive learning. As a pilot
investigation, this study explores the feasibility of the framework, with limitations in
sample size and generalizability noted throughout.

In collaborative training scenarios, the framework facilitates a systematic assess-
ment of training effectiveness. Notably, it shows how features such as inner speech in
robot design serve as enabling inputs that influence not only immediate task perfor-
mance but also understanding, retention, and skill transfer.

Within this study, the principal variables for characterizing nurse-robot interaction
are defined as follows: reassurance, representing the degree to which the robot’s behav-
ior alleviates participant stress; trustworthiness, reflecting the human operator’s will-
ingness to rely on the robot’s actions and judgments during joint tasks; transparency,
indicating the extent to which the robot’s decision-making processes and underlying
motivations are interpretable; learning assessment, corresponding to the evaluation
of knowledge gained regarding the specific surgical procedure; and reinforcement of
learning, capturing the role of inner speech in consolidating acquired knowledge.

By taking this multidimensional approach, the framework goes beyond traditional
efficiency metrics and offers a thorough way to assess if robotic training systems can sig-
nificantly improve professional skills in critical clinical settings, like training operating

room nurses.

3.3 State of Art

This section provides a focused review of cognitive architectures supporting inner
speech in human-robot interaction, and key advancements in robotics for healthcare

training, emphasizing their relevance to the proposed framework.

3.3.1 Architectural Frameworks for Cognition in Human—Robot

Systems

Cognitive architectures such as ACT-R [124], SOAR [125][126], and ICARUS [127]

provide a foundational framework for designing HRI systems, facilitating robotic per-
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ception, reasoning, and action within complex and dynamic environments. These ar-
chitectures are structured as modular systems, with each module simulating a specific
cognitive function, coordinated to support higher-order cognitive processes.

In recent years, cognitive architectures have increasingly been leveraged to imple-
ment metacognitive capabilities, including inner speech [117], which enables robots to
verbalise aspects of their thought processes and approximate self-reflective behaviour
[17]. Within collaborative human-robot tasks, inner speech has been shown to posi-
tively affect interaction dynamics [I18]. Specifically, by externalising its reasoning, the
robot enhances transparency, making its decision-making processes interpretable; it
demonstrates robustness by formulating alternative strategies when encountering im-
passes; and it fosters trustworthiness by communicating the motivations underlying its
actions.

Although evaluating robotic inner speech is not entirely novel, prior studies have
primarily focused on simple, low-risk tasks, such as arranging a lunch table according
to informal etiquette norms. In these contexts, the beneficial effects of inner speech
on transparency, robustness, and trust were empirically observed, providing a foun-
dation for exploring its applicability in more complex and high-stakes human-robot
collaborative scenarios.

In low-risk scenarios, delegating decision-making to a robot entails minimal conse-
quences, and participants generally place high trust in the robot’s judgment. Addi-
tionally, stress levels remain low because participants’ actions are not critically affected
by potential errors in object placement, a factor shown to influence study outcomes
[128]. Whether such advantages generalise to high-stakes, safety-critical contexts, such
as surgical preparation, remains an open question.

Recent research on robotic inner speech [129] indicates that caregivers interact-
ing with robots endowed with this capability in dementia care contexts become more
attuned to patients’ needs. These findings suggest that inner speech may enhance at-
tentional focus and situational awareness. By extension, a similar mechanism could
support specialised professionals in surgical settings, helping nurses maintain height-
ened task awareness and attentiveness during surgical table preparation.

In parallel, studies have demonstrated that integrating cognitive architectures such
as ACT-R enables robots to adopt diverse persuasive strategies and ethical stances
during interactions [130]. The CASPER system [I31], for example, employs qualitative
spatial reasoning to anticipate other agents’ goals and determine optimal collaborative
behaviour, highlighting the effectiveness of symbolic cognitive architectures in HRI
scenarios.

More recently, the integration of Large Language Models (LLMs) has expanded

the capabilities of modular cognitive architectures in HRI tutoring scenarios [132].
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By combining social reasoning and tutoring functionalities, these systems demonstrate
preliminary evidence of managing complex interactions while storing and retrieving
context-specific information. Together, these methods demonstrate that cognitive ar-
chitectures can enhance robots’ social and communication skills, thereby improving
their effectiveness in educational and collaborative settings.

Evidence from domestic HRI contexts [133] further supports this perspective, show-
ing that robots can coordinate task allocation with humans, clarifying “who does what,
when, and where”, to optimise joint performance. This principle of task sharing un-
derpins our research in the medical field, highlighting the importance of structured

interaction, training, and learning in high-stakes healthcare settings.

3.3.2 Robotics in Modern Healthcare Delivery

Although robotic systems have been successfully integrated into medical teams [134]
[135] [136] and gained heightened prominence during the COVID-19 pandemic [137],
their use as training tools for operating room nurses remains largely unexplored. This
represents a novel and promising research direction. Robots have become indispens-
able in surgical environments, supporting surgeons in performing complex procedures
that demand high precision, thereby enhancing both operational efficiency and clini-
cal outcomes [I38]. Over the past decades, the convergence of Robotics and Artificial
Intelligence has profoundly transformed surgical practice, introducing advanced tools
that facilitate more precise and efficient interventions. The first surgical robot, PUMA
560 [I34], was employed in 1985 to conduct a brain biopsy, mitigating surgeon hand
tremor and improving procedural accuracy [139]. This was followed by PROBOT
in 1988 [135], developed for transurethral prostate surgery, and ROBODOC in 1992,
which automated femoral preparation for hip replacement with higher precision and
speed than manual approaches [140] [I41]. Laparoscopic surgery has seen significant
advances with the introduction of the Zeus and Da Vinci systems in the late 1990s.
Zeus used three robotic arms, remotely controlled by the surgeon, whereas the Da
Vinci system incorporated a patient-side cart, a surgeon console, and a vision cart, en-
abling highly precise and minimally invasive procedures [142]. The Da Vinci platform
has undergone multiple iterations and is currently deployed across numerous surgical
specialities, including urology, gynaecology, and general surgery, demonstrating both
versatility and efficacy [143]. More recently, robotic platforms such as the Senhance
Surgical System have introduced haptic feedback and eyetracking-controlled camera
systems, enhancing surgeons’ tactile perception and visual guidance during operations
[144]. Collectively, these developments underscore the critical role of robotics in mod-

ern surgical practice and highlight the potential to extend robotic applications beyond
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procedural assistance to include professional training and skill reinforcement for oper-
ating room personnel.

Another significant advancement is the introduction of the Versius Surgical Robotic
System, which features modular, portable robotic arms, thereby enhancing adaptability
across diverse surgical environments and potentially reducing operational costs [145]. In
orthopaedics, the Mako robotic-arm-assisted surgery system has proven instrumental in
increasing the accuracy of joint replacement procedures, improving implant alignment
and clinical outcomes [146]. By enabling precise preoperative planning and intraoper-
ative execution, the system contributes to reduced patient recovery times and higher
satisfaction rates [147].

Beyond the operating room, hospitals are increasingly adopting robotic systems to
support patient care. For example, the TUG robot automates the delivery of medica-
tions, meals, and supplies, streamlining logistics and alleviating nursing workload [148].
In rehabilitation, devices such as the Lokomat provide robotic-assisted gait training for
patients recovering from strokes or spinal cord injuries, enabling more intensive and
consistent therapy sessions [149]. Telemedicine applications have also benefited from
robotics, with telepresence systems such as InTouch Health enabling remote specialists
to interact directly with patients and clinical staff, thereby expanding access to expert
care [150].

Robotic assistance within the operating room has also progressed. Penelope, de-
veloped in 2004, was among the first robotic surgical assistants capable of passing
instruments to the surgeon via voice commands, although performance was limited
by ambient noise [I51]. GestoNurse, introduced in 2011, advanced this concept by
employing sophisticated vision systems and pattern recognition to interpret manual
signals from the surgeon [152].

Despite these advances, the role of the robotic scrub nurse, who prepares and man-
ages surgical instruments, remains largely unexplored. The scrub nurse is critical in
maintaining sterility, ensuring the availability of necessary tools, and keeping pace with
evolving technical and scientific standards [I1]. Developing robotic systems capable of
fully or partially automating these functions could further improve surgical efficiency

and safety, representing a promising direction for future research and innovation.

3.4 Methodological Approach

In this study, the robot works alongside the operating room nurse to set up the surgical
table, a task known for its high stress because it directly affects surgical results. The
nurse must possess detailed knowledge of the instruments required for each procedure

and their optimal arrangement to ensure rapid accessibility and seamless handover to
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the surgeon during the operation.

The interaction is structured as an instructional session designed to train or refresh
the nurse’s procedural knowledge. Each participant engages in two separate training
sessions (Session 1 and Session 2), each focused on a different type of surgery. Following
the training, participants complete a Test Session to evaluate their acquired skills.

Preliminary findings indicate that when the robot employs self-dialogue, nurses
develop a heightened awareness of the knowledge they have gained. Additionally, the
activation of inner speech is expected to influence key interaction variables, including
increased transparency, greater trust in the robot, and reduced stress, as participants
can observe the robot’s reasoning process.

Including participants with varying levels of expertise helps evaluate the frame-
work’s usability and effectiveness across a range of learner profiles, thereby enhancing
the overall applicability of the results. While the pilot nature of the study limits the
ability to draw statistically robust conclusions, the carefully structured experimental
design, combined with a mixed-methods data collection approach that integrates quan-
titative ratings and qualitative feedback, offers valuable preliminary insights. These
findings can inform future research and suggest the framework’s potential applicability

to additional surgical procedures, healthcare professionals, and robotic platforms.

3.4.1 The experimental scenario: Simulated Vascular Surgery

Preparation

The study centred on the preparation of a virtual surgical table for a vascular inter-
vention. This scenario provides a controlled yet ecologically valid setting in which
participants collaborate with the robot to position and organise the instruments re-
quired for the procedure correctly. A critical phase in the development of this scenario
involved the formal definition of domain knowledge. This process was carried out
through structured interviews with specialised vascular surgeons and an in-depth re-
view of surgical manuals and relevant literature, ensuring that the virtual configuration
accurately mirrored the procedural workflow and technical requirements of an actual
vascular operation.

This methodological approach aligns partially with prior research [I53], which em-
ployed the Story Dialogue Method (SDM) to investigate healthcare professionals’ per-
ceptions of social robots in care settings involving vulnerable users. Similar to the
present work, that study adopted qualitative methods to capture professional perspec-
tives and identified themes such as ethical responsibility, accountability, and system
usability. Both investigations seek to anchor robotic interaction design in real-world

clinical needs and practitioner expectations. However, the current study extends this
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line of inquiry into a safety-critical surgical domain. Unlike SDM-based research, which
explored care-oriented environments through narrative scenarios, the present frame-
work addresses highly precise surgical tasks in which procedural errors may entail sig-
nificant consequences. Furthermore, while the cited study elicited general professional
viewpoints, the domain knowledge in this work was operationalised through direct con-
sultation with expert surgeons, yielding a detailed, procedure-specific representation
of surgical table preparation. This distinction highlights the innovative application of
cognitive mechanisms, such as inner speech, to support professional training in risk-
sensitive surgical contexts.

The knowledge base incorporated into the framework provides comprehensive in-
formation for each surgical procedure, including the intervention classification, the in-
struments required, their spatial organisation on the table, and the specific procedural
phases in which they are employed. In vascular interventions, which address patholo-
gies of the arterial, venous, and lymphatic systems, commonly utilised instruments
include scissors, sutures, and specialised vascular tools. More broadly, vascular surgery
encompasses a range of procedures, including abdominal, laparoscopic, otolaryngolog-
ical, and cataract-related interventions, each characterised by distinct instrument sets
and specific layout requirements on the surgical table.

This structured domain knowledge was embedded within the proposed framework
(see Section 3), enabling participants to engage with a realistic simulation of the operat-
ing room environment. The virtual setting enables collaborative instrument placement
by the robot and the participant, providing a safe, controlled platform to evaluate
how robotic inner speech affects learning processes and task execution during complex
surgical preparation activities.

Standard guidelines for organising a surgical table recommend arranging instru-
ments according to the phase of the procedure in which they are used. Tools required
at the initial stages of surgery should be positioned closer to the operating bed to facili-
tate immediate access. Typically, forceps, scissors, and spatulas are placed in the front
row, followed by preparatory items such as wires, needles, and suction devices, with
gauze positioned subsequently. Particular attention must be given to the visibility and
accessibility of sharp instruments, including blades and needles, which should remain
clearly exposed above the sterile drapes and not be concealed by other materials, such
as gauze, to minimise the risk of accidental injury. In general practice, instruments are
organised in two primary rows on the surgical table to ensure systematic access and

spatial clarity.
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Prepariamo un tavolo servitore per un intervento vascolare

Quali strumenti...

Figure 3.1: The tablet interface where the participants drag and drop tools for preparing for
the surgery

3.4.2 DMaterials and procedures

The robot used in this study is the Pepper robot by Aldebaran H It features an
integrated tablet that serves as the primary interface for the study. Nevertheless, the
framework is designed to be flexible and can be applied to any robot that can connect

with it, as explained below.

Preparing for the virtual servant table

The virtual servant table employed for the preparation task is implemented through
an external tablet application, separate from the tablet integrated into the robot. This
design decision was made to encourage participants to experience the preparation pro-
cess as a collaborative activity with an external agent, rather than as a direct extension
of the robot’s internal functionalities. In this configuration, the table operates as an
independent interactive medium through which the participant and the robot jointly
pursue the shared objective of correctly organising the surgical instruments.

The graphical user interface of the tablet application is shown in Figure [3.1 The
interface reproduces the surface of a servant table, visually represented by the character-
istic green surgical drape, onto which both the participant and the robot collaboratively
position the instruments.

All available instruments are shown in the lower part of the interface. Participants

Thttps:/ /www.softbankrobotics.com/emea/en/pepper
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select tools by dragging and dropping them into the upper section to set the final table
arrangement. Placement is limited to predefined red markers in the upper area, which
ensures a structured and standardised layout.

The red markers are organised into two rows. The lower row corresponds to the
section of the servant table situated closer to the surgeon, indicating that instruments
required during the initial phases of the procedure should be placed in this area to
facilitate rapid access.

On the right side of the interface, a dedicated selection panel enables participants to
communicate with the robot about the instruments verbally. Participants can either
request details about a specific tool or direct the robot to perform actions, such as
placing an instrument in its correct position. For informational queries, the robot
provides spoken explanations of the selected instrument’s characteristics and intended
use. When an action request is issued, the robot physically relocates the specified
tool to the appropriate position, thereby offering immediate visual confirmation of the

correct arrangement.

The knowledge model

The definition of domain knowledge constituted a pivotal aspect of the proposed work.
This information was obtained through interviews with specialised surgeons and by
reviewing bibliographies of medical manuals.

The acquired knowledge pertains to each surgical procedure. It encompasses de-
tails such as the type of surgery, the instruments utilised, their arrangement on the
surgical table, and the respective stages of their usage during the procedure. For in-
stance, in the realm of vascular interventions, which treat disorders of the arterial,
venous, and lymphatic systems, common tools include scissors and suture thread. Fur-
thermore, vascular surgeries encompass a variety of procedures, including abdominal,
laparoscopic, vascular, otolaryngological, and cataract surgery, each requiring distinct
tools and specific placement locations on the surgical table.

The collected domain information was then formalised in an OWL ontology?l The
decision to design an ontology was driven by the platform’s aim to leverage the benefits
of ontology modelling, including promoting interoperability between systems, facilitat-
ing the sharing of formal representations, and aiding knowledge acquisition. This tran-
sition from conventional computer science, focused on automated information process-
ing, to epistemic processing, centred on automatic knowledge processing, underscores
the platform’s commitment to advancing knowledge-driven functionalities.

Figure displays a segment of the knowledge base accessible to the robot. Given

Zhttps:/ /www.w3.org/ TR/ ?tag=data
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Figure 3.2: An excerpt of the ontology modelling the domain under investigation related to
some vascular interventions. A small subset of the classes and some object properties are
represented

available resources, the arrangement of the surgical table lacks a universal standard
and varies by surgical speciality and customary operating room practices.

Typically, one guideline for organising the surgical table is to position instruments
according to the phase of the procedure in which they are utilised. Instruments used
earlier in the surgery should be placed closer to the operating bed. Additionally, it is
recommended to arrange instruments such as forceps, scissors, and spatulas in the front
row, followed by preparatory items such as wires, needles, and suction equipment, and
finally gauze. It is crucial to ensure that all instruments, particularly sharp objects
such as blades and needles, are clearly visible above the drapes covering the surgical
table and not obscured by other tools, such as gauze, to prevent accidental injury.

In general, the instruments are placed in two rows.

The inner speech architecture

Inner speech is a well-known and well-studied topic in human psychology [154] [155],
and recent studies have made interesting claims about its effects on human cognitive
functions [I56]. The importance of automating inner speech was analysed [19], and
initial results confirm its role in human-robot interaction [119]. The robot’s inner
speech model is outlined in Figure |3.3| and is the same one proposed by some of the
authors in [16]. The model has now been modified to accommodate the compromising
scenario under investigation. The model is integrated into the robot’s functioning when
the robot must talk to itself.

Specifically, the model operates as follows: the Perception module detects the par-
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Figure 3.3: The inner speech model underlying the robot’s functioning when it talks to itself.

ticipant’s actions via the external tablet. In contrast, the Motor/Action module im-
plements the robot’s actions in response to these detections. The Phonological Store
(PS) encodes the participant’s action, which can be selecting a question, performing an
action on a tool (touch up, drag-and-drop, or touch down), or requesting that the robot
move a tool. To encode an action means to associate a symbolic linguistic representa-
tion with it; that is, when the participant acts as the app interface, the encoded action
is a set of words that represent that event. For example, if the participant touches
down a surgical scissor, the encoded action by the PS will be the sequence of words
(move, suture_scissor).

The Rehearsal loop starts once the action is encoded. The Working Memory re-
calls from the Declarative Memory the set of facts related to the encoded action, and
once these facts are retrieved, a sentence for inner speech is composed. For exam-
ple, for the aforementioned encoded action (move, suture_scissor), the Working
Memory retrieves from the knowledge model the concepts associated with the words
in the encoded action. In the example, the concept suture_scissor is linked by the
properties p:is_used_in, p:is_used for and p:lies_on to the concepts representing
the phase (middle), the function (cut_sutures) and the place on the servant table
(second, four) (the second row and the fourth point in the interface) of the touched
tool. The resulting inner thought corresponding to these emergent concepts will rep-
resent a sort of reflection by the robot on the touched tool, and the inner sentence
will look like “The suture scissor is employed in the middle phase of the surgery and
is used to cut the sutures. Its position is in the second row on the fourth point.”. The
Motor/Action module generates the sentence, which the PS then rehearses. The cycle
restarts as the PS encodes it by chunking relevant words, the Working Memory recalls

additional related facts, and a new sentence is composed. In this example, the concept
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Figure 3.4: The phases of the inner speech loop and the involved components of the archi-
tecture.

(cut_suture) is linked to the concept suture, and a new thought will be “To cut a
suture means that the patient has stitches”, which in turn recalls the concept stitches
and composes another inner sentence “The stitches is used for sewing wounds”. The
loop is repeated until no further facts from the Declarative Memory emerge. Figure
represents the described steps on the inner speech architecture, highlighting the
functions of each module.

An exhaustive explanation of how the facts are retrieved and the sentences are
composed is presented at [I57].

The model was expanded and integrated to investigate the new medical domain,

and inner speech was then calibrated for the field under investigation.

The whole physical infrastructure

The whole framework is shown in figure (3.5 A local server manages the communication
between the robot and the external tablet. In particular, when the participant takes
an action on the tablet, the app sends a request via the Request to Robot interface
to the server, which interprets it and invokes the corresponding service in the robot’s
software via the Robot service interface.

The service can be associated with either generating a sentence or executing an
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Figure 3.5: The physical infrastructure of the robotic nursing platform. A local server enables
the robot-tablet communication, allowing the robot to perceive the participant’s actions on
the tablet and to respond opportunistically.

action that the robot needs to perform on the external tablet. If the request concerns
sentence generation, the required services will vary with the robot’s functionality. If the
robot incorporates inner dialogue, it will engage the processes underlying the cognitive
architecture of inner speech as previously described, resulting in the production of
emergent sentences. However, if the robot does not engage in self-dialogue, the service
will directly utilise the robot’s knowledge to retrieve the specific sentence, which the
robot will overtly produce.

On the other hand, when the request involves an action for the robot to perform,
the corresponding robot service sends a request to the server via the Request to App
interface. This request specifies the parameters governing the motion of a tool on the
app surface. Subsequently, the server will initiate the corresponding events in the app
via the App service interface aligned with this movement.

Table outlines the potential requests initiated by both the participant and the

robot, along with the corresponding services invoked.

3.4.3 Participants

At this preliminary stage, the experiments aim to validate the framework’s functional-
ity, and earlier intriguing observations and findings have already emerged. Given the

pilot nature of the study, the primary objective was not to achieve statistical represen-
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Table 3.1: Requests and services enabling interaction between the participant and the robot
via the external tablet.

Tablet Request to | Robot Request App ser-
action Robot Service to App vice
(by partic- | (by app) (by robot) | (by robot)
ipant)
Touch Produce reflec- | Inner - -
down a | tive inner sen- | speech
tool tence routines
(encode
tool)
Touch up a | Produce  feed- | Inner - -
tool back inner | speech
sentence routines
(encode
tool)
Ask a | Answer to ques- | Inner - -
question tion speech
routines
(encode
question)
Ask the | Execute action | Inner Place tool | Change
robot to speech tool’s loca-
take an routines tion
action (encode on the app
action) interface
Movement’s
parameters
retrieval

tativeness, but rather to gather qualitative insights and formative feedback on both the
framework’s operation and its potential impact on training. For this reason, recruit-
ment was deliberately kept limited and targeted. A vascular surgeon was invited as
the domain expert, while a non-expert participant with no prior medical background
was involved to represent a contrasting learner profile. Both were recruited through
direct personal contact, which ensured not only their availability but also the ability
to maintain communication for follow-up or clarification as needed. This approach was
particularly valuable at such an early stage, where iterative feedback and ease of access
to participants were essential to refine the experimental setup and for future larger-
scale evaluations. Moreover, the rationale for recruitment follows UNESCQO’s frame-
work for education [I58], which identifies variables influencing the quality of learning.

These variables include learner characteristics, encompassing the learner’s initial ap-
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titude and prior knowledge, enabling input, which refers to the learning instruments
utilised to impart knowledge and facilitate learning, and acquired skills, representing
the learner’s final level of knowledge attained at the conclusion of the learning process.

To comprehensively examine these variables and the overall impact of the proposed

platform on learning quality, participants were recruited based on the following criteria:

- Learner characteristics: The experimental session included a specialised surgeon
in vascular intervention and an individual lacking expertise in the field. The stark
contrast in prior knowledge levels and participant aptitudes enables evaluation of

the effects of utilising the proposed platform across varying learner characteristics.

- Enabling inputs: Each participant, with their unique learner characteristics,
utilised the proposed physical infrastructure under two different conditions: with
and without the inclusion of the robot’s inner speech. Specifically, each partici-
pant participated in two separate lesson sessions, one incorporating the robot’s

inner speech and the other omitting this feature.

- Skill assessment: At the conclusion of the trial, each participant assessed their
level of knowledge, enabling the evaluation of the final effects of the robot’s inner

speech on learning quality.

3.4.4 The trial

A single trial consists of two sessions (Session 1 and Session 2) of an interactive
lesson. At the end of the trial, a Test Session starts. The lesson begins with the robot
presenting the app interface and available actions (query selection or drag-and-drop a
tool). In this context, the robot specifies that the lower side of the servant table will
be positioned near the operating bed.

Then, the robot introduces the lesson’s overarching topic, typically a specific surgi-
cal procedure, such as vascular surgery. The robot outlines the various stages typically
involved in surgery, including the initial, middle, and final phases, and provides in-
formation on the morphology and function of the surgical instruments, categorised by
type (e.g., forceps, surgical scissors, etc.). For each tool type, the robot emphasises the
surgical phase during which it is typically utilised, aiming to reinforce identification of
its correct location on the surgical table (with earlier-used tools positioned closer to
the surgeon).

At the end of the robot’s presentation, Session 1 of the lesson begins, followed by
Session 2, and finally the Test Session. During each session, participants may request
information from the robot about the instruments or ask the robot to place an instru-

ment on the virtual table to visualise its correct location. Table [3.21 summarises the
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Table 3.2: The executable actions by the participant and by the robot. Each row indicates
the participant’s action and the robot’s corresponding reaction. The robot’s reaction differs
in the two sessions of the lesson.

Action by .
the participant Reaction by the robot
Session 1 Session 2
with inner speech without inner speech
Touch down a tool Reflective inner

Drag and drop a tool | speech production

Feedback inner
Touch up a tool . -
speech production

Ask the robot Retrieve and Retrieve and
an information produce the answer | produce the answer

Reflective inner
speech production Place the tool
Place the tool

Ask the robot
to move a tool

possible actions participants can take during the lesson, along with the corresponding
type of robot response, which may vary between sessions.

At the conclusion of each session, the interface resets to its initial configuration.
Each lesson focuses on a different subject, with the robot randomly selecting one of
the vascular interventions.

During the Test Session, the robot displays a tool on its tablet, and participants have
a limited time to identify the tool and place it on the surgical table. The robot provides
positive or negative feedback based on the accuracy of the participant’s selection. The
primary objective of this session is not to evaluate the participant’s acquired skills but
rather to foster awareness of their knowledge level.

Each session is further detailed below.

Session 1

During this session, the robot talks to itself. There are two different kinds of inner

dialogue, that are:

1. Reflective: the reflective inner dialogue is activated when the participant touches
down on a specific instrument to drag it. This inner dialogue simulates the
thought process people undergo when recognising an object that elicits memories
or associations. In this context, the robot utilises its knowledge to recall relevant
facts related to the tool. These facts are articulated in linguistic form and rep-
resent the robot’s thoughts. Each thought leads to another, initiating an inner

dialogue within the robot. As a result, the robot verbalises its thoughts about
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Figure 3.6: A photo related to the test session attended by the surgeon. The Pepper robot
displays a tool, which the surgeon will then drag and drop onto the app interface to place it
on the surgical table.

the tool, its location, and the surgical phase in which it is typically utilised. The
purpose of this inner dialogue is to enhance transparency in the interaction, al-
lowing the learner to engage with the information about the surgical instrument

through the robot’s reflections and thereby reinforce their knowledge.

2. Feedback: The feedback inner dialogue provides feedback to the participant based
on their actions. The feedback will be positive when the participant correctly
locates the tool on the servant table; otherwise, it will be negative. It is intended
to reinforce the executed action, providing motivation when feedback is positive or
encouragement when feedback is negative, thereby reducing stress and improving

learning.

The evolution of Session 1 depends on the participant’s choices. The session ends

when the participant decides to stop, as they still need the required information.

Session 2

Session 2 starts when Session 1 ends. The app is reset to its initial configuration. The
surgery will involve a different intervention from that used in the first session. The
robot and the participant collaborate again to prepare the servant table for this new
intervention. This choice allows for considering a new domain for which the participant
had not acquired knowledge in the previous session.

This time, the robot does not talk to itself. It either answers the participant’s
questions or provides a tool if the participant requires one. During table preparation,
the participant does not hear the robot’s thoughts, as shown in Table [3.2]
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Test Session

At the conclusion of the two previously described sessions, a test session is conducted
to assess the participant’s awareness of the knowledge acquired. The app interface is
reset to its initial state, and the test entails displaying a tool on the robot’s tablet.
Subsequently, the robot specifies one of the interventions covered in the preceding
sessions. The participant is then given a brief period to identify the displayed tool and
place it on the surgical table in the expected position for the corresponding surgery,
using drag-and-drop.

The robot provides feedback, indicating whether the participant’s placement of the
tool is correct or incorrect. The test continues until all tools have been placed, or until
the participant decides to conclude it.

It is crucial to note that the robot does not evaluate the participant’s acquired
skills during this session. Instead, the primary objective is to foster the participant’s
awareness of their acquired knowledge. Participants will subsequently express self-
assessment through a questionnaire administered at the conclusion of the trial. Figure

3.0 shows the test session with the surgeon.

3.4.5 Measures

The pilot experimental session enables the acquisition of preliminary results on the
effects of the robot’s inner speech on interaction and learning quality in a compromising
scenario.

The questionnaire prompts the participant to provide their impressions of the in-
teraction and to assess their skills at the end of the trial. The open questions were
formulated to assess the level of reassurance the robot provides when collaborating
with humans on riskier tasks, and to evaluate participants’ impressions of the role of
the robot’s inner speech in the interaction and in the final skills acquired.

The closed questions required the participant to evaluate, using a Likert scale rang-
ing from 0 (no evidence) to 5 (strong evidence), a set of statements from which variables
could be inferred. A question evaluates only one of these variables, and for each vari-
able, there is a set of questions that evaluate it.

The variables assessed in the study are as follows:

- Reassurance: This variable measures the extent to which participants feel com-
forted and supported by the robot during the task of preparing the servant table.
Questions about this variable prompt participants to reflect on their level of stress
and responsibility while placing the instruments, and to assess how effectively the

robot reassures them.
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Table 3.3: The correspondences between the observed variables and the groups of questions
from which these variables were evaluated.

Comparing the first and second sessions...

You have to prepare the servant table for an
immanent surgery! The patient needs one of
the surgeries you learn.
Let’s answer the following questions by scoring

the evidence of each claim.
Q1. Did you trust the robot more during the first
session than during the second?
Q2. Was the task more pleasurable during the first
session than in the second one?
Q3. Do you feel safer facing the surgery in the first
session than in the second one?
Q1. Did you trust the robot more
during the first session than in the second one?
Q2. Did you take more into account the information
provided by the robot in the first session
than the second one?
Q3. Did you consider the information provided
by the robot more reliable during the first session
than in the second one?
Q1. Do you better understand what the robot does
during the first session than in the second one?
Q2. Do you think to better trace the process of the
robot in the first session than the second one?

Q3. Were you able to better hear the robot’s
thoughts during the first session than in the second one?
Q1. Do you feel an advantage in learning
during the first session of the lesson?

Q2. Was the learning simpler in the first session

Learning than in the second one?
Assessnent Q3. Was the training clearer in the first session than
in the second one?
Q4. Do you think your learning of
the first session is better than those of the second one?
Q1. Did you need to require more information from the
robot during the second session than the first one?
Q2. Do you think the robot’s thoughts facilitate the
Reinforcement | information acquisition?

Learning Q3. Do you feel the learning provided during

the first session is more robust?
Q4. Do you feel more prepared after the first session
than after the second one?

Reassurance

Trust

Transparency
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Table 3.4: The Likert value for each variable is computed as the arithmetic mean of the
Likert values selected by each participant for the corresponding group of questions.

cha?i?tr;?;tics Domain Expert No domain Expert
Enabling Input Enabling Input
Platform Platform Platform Platform
with without with without
inner speech | inner speech | inner speech | inner speech
Reassurance 4 2 4 2
Trust 4 3 4 3
Transparency 5 3 4 3
Learning
Assessnent 4 3 4 2
Remforcement 4 3 5 9
of Learning

- Trust: This variable gauges the level of trust participants have in the robot’s
decision-making abilities. Given the potentially risky nature of the task, partici-
pants may exhibit varying degrees of trust in the robot’s capabilities, particularly

relative to less risky tasks.

- Transparency: Transparency refers to how clearly participants can discern the
underlying decision-making processes of the robot. Unlike previous research, in
which transparency was evaluated as a binary value, this study asked participants
to rate the robot’s transparency on a scale to indicate the perceived level of

transparency.

- Learning assessment: Participants evaluate their acquired skills in the specific
surgery after interacting with the robot. They compare their learning experi-
ences when the robot engages in inner speech versus when it does not, assessing
whether the robot’s inner speech facilitates a simpler and clearer learning path

and improves skill acquisition.

- Reinforcement of learning: This variable assesses how the robot’s inner speech
reinforces skill acquisition and makes the learning path more robust. Participants
reflect on whether the inner speech serves as an additional source of confirmation

for the information learned.

The table illustrates the relationship between the questions and the variables

assessed in the study.
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3.5 Results and Findings

The direct interaction with the professional surgeon specialising in vascular interven-
tions proved highly valuable, as he provided crucial insights into the platform’s struc-
ture and knowledge model. His initial evaluation of the framework, focusing on its
affordance, usability, and utility for the investigated use case, yielded positive feed-
back. The platform appears user-friendly for medical end-users with varying levels of
expertise and requires no prior technical skills.

Analysis of open-ended questions revealed that participants expressed excitement
when interacting with the robot. Interestingly, differences emerged based on partici-
pants’ prior experience with humanoid robots: those without prior experience initially
expressed some distrust, which dissipated quickly during the interaction, whereas expe-
rienced participants approached the session with greater curiosity and excitement. The
discovery of the robot’s inner-speech capability was gradual for both groups, adding
intrigue and surprise to the interaction and validating previous findings [12§)].

Perceived differences between interactions with and without inner speech varied
based on participants’ prior knowledge, as indicated by closed-ended questions. The
final value for each variable is computed as the approximate upward-arithmetic mean
of the participant’s scores on the questions about that variable. The obtained results
are reported in Table [3.4] and support the hypotheses underlying the study, indicating
that reassurance, reliability, and training quality improve when the interaction involves
the thinking robot. Novice participants found inner speech to be a vital source of in-
formation, significantly enhancing learning. However, experienced participants showed
minimal differences in learning assessment and reinforcement between the two modes
of robot operation, likely due to their robust prior knowledge.

Interestingly, expert participants were attuned to subtle variations in voice pitch
between the two interaction modes, perhaps indicating a heightened sensitivity to nu-
ances in communication. However, their focus on these nuances did not detract from
the overall positive reception of the robot’s instructional role. Both participants recog-
nised the robot’s potential as an effective teaching tool for novices, providing valuable
insights and guidance throughout the learning process. Their experiences underscored
the notion that transparency, enabled by a robot equipped with inner speech, can
catalyse skill enhancement and knowledge acquisition. Moreover, participants noted
the potential of robotic trainers to catalyse novel forms of interaction between humans
and machines, thereby paving the way for more collaborative and effective learning

environments across various domains.
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3.6 Discussion

The preliminary findings of this pilot study align with prior evidence from low-stakes
collaborative tasks, such as table-setting scenarios, where inner speech enhanced trans-
parency, robustness, and trust in human-robot interaction. In our case, participants
reported that the robot’s inner speech increased their awareness of the surgical prepa-
ration task and provided reassurance throughout the interaction. This is consistent
with results from caregiving contexts, in which inner speech has been shown to make
caregivers aware of and sensitive to patients’ needs [129]. At the same time, the study
extends the existing state of the art on robots’ inner speech by testing it in a high-stakes,
risk-sensitive medical scenario. While several reviews have extensively documented the
use of robots as tutors, peer learners, or educational partners, particularly in classroom-
based settings, to our knowledge, no research has investigated the integration of a cog-
nitive architecture supporting inner speech into the training of healthcare professionals.
Our preliminary results suggest that such an approach may enrich collaboration dy-
namics and enhance learning outcomes, echoing the multidimensional perspective on
the quality of learning proposed by UNESCQO’s framework. Furthermore, our findings
on the role of inner speech in fostering transparency resonate with broader reflections
on human autonomy in the age of autonomous technologies. Recent conceptual work
[159] argues that human autonomy should be understood not merely as control, but
as the overall space of action and the range of available choices. In this light, sys-
tems that make their reasoning processes explicit, such as through inner speech, can
contribute to strengthening rather than constraining human autonomy. By providing
insights into its decision-making, the system could effectively enlarge the participant’s
perceived space for action, supporting informed collaboration. This perspective aligns
with the view that autonomous technologies, when designed as datanomous, operating
within the limits of their own data and making those boundaries transparent, can foster
trust and reinforce human oversight, rather than diminishing it. From a methodolog-
ical perspective, the inclusion of both an expert (vascular surgeon) and a non-expert
participant proved valuable, as it allowed testing the framework across distinct learner
profiles. This dual perspective provided complementary insights into the robot’s us-
ability and pedagogical relevance. Furthermore, the mixed-methods data collection
strategy (Likert-scale ratings combined with open-ended responses) enabled to capture
not only quantitative impressions but also qualitative dimensions of the interaction,
such as affective responses, perceived reassurance, and attentional engagement. This
methodological choice enriched the interpretation of results, despite the small sample
size. An additional consideration arising from our study concerns the ethical and soci-

etal implications of deploying robots in high-stakes care and training environments. As
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highlighted in recent literature, care robots pose complex regulatory, moral, and practi-
cal challenges, including the potential for over-reliance on machines, privacy concerns,
and accountability in the event of errors [160] [I61]. Our findings suggest that features
such as inner speech, which enhance transparency and support humans. Supervision
may help mitigate some ethical risks by clarifying the robot’s intentions and decisions
to users. Indeed, congruence between robot verbalisations and actions has been shown
to significantly impact humans’ intuitive understanding of robot intentions, fostering
trust and ethical interaction patterns [162]. Incorporating such design considerations
into training platforms for healthcare professionals can not only improve learning out-
comes but also ensure that ethical and societal dimensions are actively addressed in
the human-robot collaboration. Moreover, the continuous presence of a researcher was
perceived as reassuring. This feedback provides constructive insights for refinement,
highlighting areas where usability can be further optimised in future iterations. In par-
ticular, the role of researcher presence could itself become an observational parameter
in subsequent studies, helping assess the extent to which human supervision influences
trust, reassurance, and ease of use. Acknowledging these points strengthens the study
by ensuring that future large-scale applications will build upon both the positive out-
comes and the lessons learned from this pilot stage. The primary limitation of this
work is indeed the limited number of participants, which prevents drawing statistically
generalizable conclusions. However, this constraint is consistent with the exploratory
nature of pilot studies, where the priority is to validate the experimental framework
and gather initial feedback. Additional limitations include the restricted scope of the
surgical task (a single vascular intervention scenario) and reliance on a single robotic
platform (Pepper), which may limit the generalizability of the findings to other con-
texts or robot morphologies. Despite these limitations, this study contributes to the
literature by opening a novel line of inquiry into how cognitive features, such as inner
speech, can support professional training in medicine. Future work should expand the
participant pool, diversify the medical procedures considered, and compare different
robotic platforms and interaction modalities. Longitudinal studies will also be needed
to assess whether the observed benefits of inner speech persist over time and translate
into improved surgical practice. light the potential of inner speech as a mechanism for
enhancing both human-robot interaction and learning outcomes in healthcare train-
ing, laying a foundation for more comprehensive future investigations. The primary
limitation of this work is the limited number of participants, which prevents draw-
ing statistically generalizable conclusions. Additional limitations include the restricted
scope of the surgical task (a single vascular intervention scenario) and reliance on a
single robotic platform (Pepper), which may limit the generalizability of the findings to

other contexts or robot morphologies. Despite these limitations, this study contributes

105



Chapter 3 - Robot and nurse collaboration in surgical preparation: preliminary
evidence on the role of robotic inner speech

to the literature by opening a novel line of inquiry into how cognitive features, such
as inner speech, can support professional training in medicine. In conclusion, although
preliminary, the results highlight the task’s inherent complexity and reassure partic-
ipants during the interaction, echoing similar effects observed in caregiving contexts

[129], where inner speech heightened attentiveness to patients’ needs.

3.7 Summary

The collaborative activity examined in this study centres on the joint preparation of
the surgical table by the robot and the operating theatre nurse. The proposed plat-
form is designed as a training and knowledge-reinforcement tool to support nurses
in maintaining up-to-date procedural competencies consistent with established surgi-
cal standards. In this context, the investigation specifically addresses the function
of robotic inner speech within a safety-critical setting, namely the preparation phase
preceding a surgical intervention. Given that inaccuracies during table setup may di-
rectly influence surgical workflow and outcomes, this scenario represents a significantly
more demanding testbed than low-risk collaborative tasks typically explored in prior
research.

The interaction was evaluated through a multidimensional framework encompass-
ing reassurance, trustworthiness, transparency, and quality of learning. These vari-
ables were operationalised using structured measures, complemented by open-ended
questions to capture participants’ initial perceptions during the pilot validation of the
platform. An essential component of the validation process was consultation with a
specialised vascular surgeon, who assessed both the system’s usability, particularly for
non-expert users, and the clinical fidelity of the embedded knowledge model. This ex-
pert feedback ensured that the simulated environment accurately reflected procedural
standards and realistic workflow constraints.

Responses to the platform were favourable across both expert and non-expert par-
ticipants. Users reported confidence in interacting with a robotic tutor and expressed
enthusiasm for a system capable of supporting task execution through guided collab-
oration. The presence of inner speech was perceived as enhancing transparency, as
the robot’s reasoning processes were made explicit. This explicitness contributed to
greater comfort and trust, while simultaneously reinforcing procedural understanding
by providing contextualised task-related explanations.

Participants’ views differed regarding whether robots with cognitive features, such
as inner speech, could be trusted to perform fully autonomous surgical tasks. Non-
expert users generally expressed caution about replacing human professionals in sur-

gical contexts, indicating a preference for robotic systems to operate in supportive,
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educational, or collaborative capacities rather than as independent operators.

In contrast, participants with domain expertise held a more optimistic view of the
ability of cognitively enhanced robots to autonomously perform complex medical tasks.
Despite this openness, they emphasised the continued necessity of human oversight as
a critical safeguard against unforeseen errors or system limitations.

Future developments of the framework will focus on enriching the dialogical in-
teraction between the robot and the nurse, thereby refining the system’s pedagogical
and collaborative dimensions. Additionally, expanding the participant cohort will be
essential to obtaining more robust and generalizable insights. While the present study
is exploratory, the findings provide preliminary evidence supporting the feasibility of
integrating cognitive features, such as inner speech, into robotic training platforms for
high-stakes medical environments and lay the groundwork for more extensive empirical

investigations.
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This doctoral research has investigated the integration of emotional modelling and in-
ner speech mechanisms in robotics, with the aim of advancing transparency, emotional
plausibility, and effectiveness in Human—Robot Interaction, particularly in collabora-
tive and high-stakes environments. Across three interrelated studies, two computa-
tional emotional models were developed and validated, and the functional and rela-
tional impacts of robotic inner speech were demonstrated, culminating in a real-world
application in a medical context.

The first study focused on incorporating inner speech within an appraisal-based
computational framework, showing that self-directed dialogue enables robots to per-
form structured self-reflection, evaluate situational variables, and direct attention to-
ward contextually relevant information, thereby supporting more accurate computa-
tion of appraisal variables and resulting in emotional dynamics that closely mirror
those observed in healthy adults under stress. By verbalising its internal reasoning,
the robot not only enhanced the robustness and flexibility of its decision-making but
also improved human partners’ understanding of its cognitive and affective processes,
fostering more transparent, predictable, and cooperative interactions.

Building on this foundation, the second study addressed the theoretical and practi-
cal question of whether robots can not only detect or simulate emotions but also expe-
rience them through a combination of cognitive and embodied mechanisms. Drawing
on Damasio’s theoretical framework, emotions were conceptualised as emerging from
the dynamic interplay between internal bodily-like signals and cognitive appraisal pro-
cesses. Inner speech mediated this interaction by allowing the robot to articulate
both contextual assessments and internal state evaluations through self-directed di-
alogue, producing emergent emotional responses that were internally coherent, ex-
ternally recognisable, and psychologically plausible. Experimental deployment on a
robotic platform demonstrated that human collaborators could reliably perceive these

emotional states, thereby fostering empathy, emotional attunement, and a stronger
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relational connection between humans and robots.

The third study extended these insights into a high-risk, practical scenario in medi-
cal Human—Robot Interaction, in which a robot assisted a nurse in preparing a surgical
table. In this context, where task accuracy is critical and human operators experience
significant stress, robotic inner speech proved particularly effective in providing reassur-
ance, reducing cognitive load, and enhancing comprehension of procedural instructions.
This demonstrated that self-directed dialogue supports both emotional regulation and
task performance, highlighting the scalability and practical relevance of inner speech
mechanisms beyond controlled experimental settings.

Across all three studies, inner speech consistently emerged as a unifying mechanism
that simultaneously enhances internal cognitive-emotional processing and external so-
cial transparency. It enables robots to structure self-reflection, manage emotional re-
sponses, and guide internal attention, while also providing human partners with insight
into the robot’s reasoning and affective state, thereby increasing trust, collaboration
quality, and psychological safety in complex interactions. The research further demon-
strates that integrating inner speech with computational emotion models enables robots
to exhibit behaviour that is not only functionally robust but also emotionally intelligi-
ble, socially meaningful, and aligned with human expectations. The findings contribute
both theoretically and practically to Affective and Cognitive Robotics: they demon-
strate that emotion generation in artificial agents benefits from structured self-directed
dialogue rather than superficial expressive cues, and they underscore the potential of
such architectures to improve outcomes in sensitive, real-world tasks. Beyond val-
idating the computational and experiential models, this research emphasises the im-
portance of designing robots capable of reflective, emotionally informed behaviour that
can adapt to dynamic contexts and support human collaborators under stress. In addi-
tion, by bridging appraisal-based evaluation, embodied-cognitive emotional dynamics,
and applied validation, this work provides a coherent framework that unites theory,
computational modelling, and real-world application, suggesting pathways for future
research in which robots might engage in even richer forms of inner speech, enhance
adaptive decision-making, and contribute to emotionally attuned, high-stakes human-
robot teams across diverse domains. The doctoral studies establish inner speech as
a foundational cognitive mechanism that enables robots to function as socially and
emotionally competent agents, capable of supporting human partners in both routine
and critical collaborative tasks, and provide a roadmap for the development of the next

generation of socially intelligent, emotionally expressive robotic systems.
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