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Abstract - Loneliness among older adults in care settings is a growing public health problem linked
to cognitive decline, depression and premature death. Social robots o�er a promising way to provide
consistent social engagement, but current systems struggle to maintain long-term engagement. Large
language models (LLMs) improve 
uency but su�er from structural shortcomings, including no persis-
tent memory, no proactive initiative and no stable persona. This thesis therefore proposes the Dialogue
Analyser, a supervisory LLM layer that runs in parallel with a primary conversational agent, providing
turn-level guidance to address these shortcomings in real time. The system was evaluated in a controlled
within-subjects experiment involving 16 participants and the humanoid robot Pepper. Outcomes were
assessed through subjective self-report scales, behavioural latency metrics and an LLM-as-a-Judge tran-
script analysis. The results showed that the Analyser signi�cantly improved perceived conversational
proactivity and suggested improved emotional responsiveness during stressful discussions. The LLM-as-
a-Judge analysis revealed that the Analyser entirely eliminated question stacking on emotionally charged
turns in the stress condition, while latency metrics indicated a trend toward faster human response times.
However, the Analyser did not a�ect the robot’s perceived warmth, comfort or enjoyment. These �ndings
demonstrate that a supervisory LLM layer can improve speci�c aspects of social robot behaviour, though
replication with the intended elderly population and longer interaction protocols remains necessary.
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1
Introduction

Loneliness and social isolation among older adults are a global public health crisis. Prolonged isolation
has been consistently linked to depression, cognitive decline, dementia, cardiovascular disease and prema-
ture death. [74]. Between a third and half of all older adults experience loneliness or social isolation [41].
In Belgium, this a�ects around 500,000 adults aged 65 and older, representing 22% of this age group [22].
This widespread feeling of loneliness has serious clinical implications, increasing the risk of developing
dementia by approximately 50% [30] and stroke by 25% [71]. This issue is di�cult to address because the
harm is not driven by the number of social contacts a person has. It is the subjective perception of being
connected that most strongly predicts health outcomes [19]. Someone who sees family regularly but feels
lonely is at the same risk as someone who sees nobody at all. Subjective loneliness and objective social
isolation increase the likelihood of early mortality by 26% and 29% respectively [33].

This issue is most severe for older adults in care homes. With declining fertility rates and rising life
expectancy, today's older adults have smaller family networks and fewer relatives available for regular
visits [77]. In care homes, this issue is made worse by the physical separation from the wider community
and the cognitive or health-related decline that limits meaningful relationships with others. As a result,
the responsibility for social interaction falls largely on care sta�, who are already overwhelmed by their
primary caregiving duties. This is a burden that the system does not have the resources to sustain, es-
pecially when considering that Belgium alone is projected to have a de�cit of around 120,000 healthcare
and elderly care workers by 2040 [2]. Video calls o�er a partial solution and are generally well received,
but they depend on a willing family member being available, as well as the resident having the cognitive
capacity to manage the interaction [81]. For many residents, neither condition is reliably met. On top of
that, organising these calls places an extra scheduling burden on the understa�ed facilities [52]. Although
passive alternatives such as television and radio provide stimulation, they lack the active, cooperative
elements necessary for building social connections [62, 76]. In contrast, interactive experiences have been
shown to signi�cantly reduce loneliness and increase feelings of connectedness [38]. Therefore, an inter-
active solution that does not depend on external availability and does not impose practical barriers is
needed, one that can provide consistent, on-demand social engagement. Socially interactive robots are a
promising solution.

Social robots are physical agents designed to interact with humans in a natural and socially aware way.
Unlike passive technologies, they are available on demand, do not require an external human partner and
can sustain a continuous conversational presence. Paro, Pepper, and Nao are examples of systems that
have shown real success in this area. Studies report that they help lower anxiety and increase feelings
of companionship among older adults [17, 48]. These results are encouraging, but these systems are also
still limited. Traditional social robots rely heavily on pre-scripted dialogue and rule-based interaction
systems, which limits the depth and naturalness of the conversations they can sustain [37].
They can recognise broad emotional states, such as sadness or agitation, but they cannot interpret the
deeper psychological context behind them. This means that they cannot adapt in a meaningful way when
a resident shares something unexpected, painful or personally signi�cant [25, 50]. This is important be-
cause physical presence alone is not the key factor in e�ective social companionship. It is emotional
companionship that reduces loneliness [23, 31]. A robot that responds from a �xed script cannot reliably
produce this perception, regardless of how lifelike its appearance or how expressive its movements are.
The limiting factor is not the hardware, but the rigidity of the language used.
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3

Large Language Models (LLMs) address this limitation (partially). As they are trained on extensive
datasets, these models possess an ability to understand context, make logical deductions and integrate
diverse information from multiple sources [84]. They demonstrate remarkable adaptability, successfully
executing complex instructions without the need for task-speci�c programming [10, 44]. This 
exibility
enables arti�cial agents to handle unpredictable open-domain dialogue and liberates them from prede-
termined conversation pathways [37, 70]. As a result, the nature of interaction shifts from mechanical
exchanges to continuous, dynamic collaboration [40, 72].

LLMs make robotic conversation more 
uent, but this creates a new problem. When a robot speaks
naturally and has a human-like appearance, users instinctively apply the same social expectations they
have for human companions. They expect to be recognised and remembered and to be proactively en-
gaged with [25, 34]. Yet the language model alone has no mechanism to meet these expectations. Three
concrete shortcomings explain why.
First, language models process each session within a bounded context. Without a structured mechanism
to preserve what was discussed in prior interactions, earlier information is forgotten, topics are repeated
and the sense of having an accumulated shared history that underlies trust is never established [82].
Secondly, current systems remain entirely passive, requiring the user to initiate every interaction. For
socially withdrawn, physically fatigued, or uncertain older adults who do not know how to begin, a system
that waits passively for initiation forces the most vulnerable people to carry the full burden of sustaining
the relationship [37, 68]. Thirdly, without explicit mechanisms to stabilise the robot's relational identity
across sessions, the tone, register and apparent personality of the system can shift in subtle yet cumulative
ways, which undermines the consistency required for a�ective trust to develop [25, 82].
These three de�ciencies are not separate engineering problems. A system with perfect recall but no
capacity for initiative remains a passive tool. A robot that engages proactively but forgets previous
conversations produces interactions that feel super�cial rather than warm. Together, these issues point
to a single underlying absence. The current architecture has no dedicated module to manage how a
relationship evolves continuously across multiple sessions. Solving this speci�c structural problem is the
focus of this thesis.

This thesis proposes the Dialogue Analyser as an architectural response to the structural gap identi-
�ed above. The Analyser operates in parallel with the primary language model, rather than replacing it.
Inspired by the dual-process evaluation framework of Constitutional AI [5], it operates as a re
ective su-
pervisory layer positioned above the base model. This separation is necessary because primary language
models are known to struggle with self-critiquing complex social rules, often rephrasing their own errors
with equal con�dence rather than correcting them [35]. Therefore, an independent layer is required to
evaluate the interaction from an external perspective.
The Dialogue Analyser runs alongside the primary language model, monitoring the conversation in real
time. When it detects a social error or missed opportunity, it sends a brief corrective instruction to the
main agent before the next response is generated. It does not rewrite the robot's replies, but rather steers
them.
The Analyser aims to address the three shortcomings identi�ed above in three phases. Before responding,
the Analyser reviews what the user has just said and sends a short guideline to the main agent, ensuring
that the upcoming output is emotionally appropriate and consistent with the robot's established per-
sona. After responding, it evaluates the reply for relational missteps, such as missed emotional cues or
inconsistencies in its personality. Throughout the session, the Analyser also monitors the conversation
for opportunities to steer it proactively. To do so, it draws on both the current exchange and stored
memory from previous sessions.
The result should be a robot that feels like a consistent and emotionally present companion across weeks
of interaction, rather than a 
uent but forgetful conversational tool.

The remainder of this thesis is structured as follows: Chapter 2 provides a review of the relevant
literature. Chapter 3 provides a detailed overview of the system architecture. Chapter 4 outlines the
experimental methodology. Chapter 5 presents the results, which are discussed in Chapter 6. Chapter
7 summarises the conclusions, limitations and directions for future work. Finally, chapter 8 presents the
social re
ection.



2
Literature Overview

This chapter establishes the theoretical basis for the system proposed in this thesis. It starts from the
psychology of why social robots so often fall short. It then reviews the state of the art in memory,
proactivity and persona modeling before establishing why an independent supervisory layer is required
to bring these components together in real time.

2.1 The Psychology and Evolution of Robotic Companionship

To understand why current social robots fall short, their technical limitations and the psychological
expectations they trigger must be examined. This section traces the gap from its cognitive origins to
its architectural consequences, exploring how these elements interconnect to de�ne the precise relational
criteria that social robots must ful�l in order to succeed.

2.1.1 The Expectation Gap and the CASA Paradigm

When people �rst encounter a social robot, they tend to respond positively. The novelty of interacting
with a machine that can speak, move and respond generates curiosity and engagement. However, once
this initial curiosity dissipates, users begin to judge the system against strict social standards, that most
current systems are not able to meet [3]. The reason for this lies in a cognitive tendency known as the
Computers Are Social Actors (CASA) paradigm. When a machine takes on a humanoid form and com-
municates in natural language, users automatically apply human social expectations without consciously
choosing to do so. The robot is no longer evaluated as a tool, but it is instead evaluated as a social
partner. However, a social partner that fails to follow basic conversational norms, such as taking turns
appropriately, responding at the right time, or acknowledging what has just been said, is experienced as
unsettling or untrustworthy [3, 7, 56]. This sense of unnaturalness does not arise from physical awkward-
ness or mechanical noise, but from the absence of social cognition [7]. For example, a robot lacks social
cognition when it cheerfully asks a follow-up question immediately after a user shares distressing news,
failing to recognise that the social context requires a shift to a more supportive tone.
To understand what users actually require from a social robot, it is necessary to delve into four psycho-
logical layers that make a robot a companion.

1. Coherence: A robot must remain logically consistent within and across conversations, connecting
new exchanges to previous discussions to sustain a continuous dialogue rather than a sequence of
isolated responses [15, 29]. Without coherence, even a technically 
uent robot will seem inconsis-
tent, because the user cannot develop an understanding of what the robot knows, remembers or
understands. Coherence is what maintains the impression of a thinking presence.

2. Empathy: Users need to feel that the robot understands what they are saying, rather than just
producing an appropriate-sounding response. This distinction matters because empathy operates
at the level of perceived understanding, not linguistic accuracy [4, 42, 59]. For example, a user who
shares that they are grieving does not need a technically correct statement about loss. They need a
response that acknowledges the speci�c weight of what they have just said. A reply that is too 
at
suggests that the robot has not properly registered the emotional content. Similarly, a reply that
is exaggerated suggests that the robot is acting rather than feeling empathy. E�ective empathic

4



2.1. THE PSYCHOLOGY AND EVOLUTION OF ROBOTIC COMPANIONSHIP 5

responses �nd a balance between these extremes: they re
ect back to what the user shared in a
way that feels appropriate, speci�c and sincere.

3. Personalisation: A companion is not just someone who responds well to anyone. They respond
speci�cally to you. In order to produce this experience, a robot must draw on its accumulated
knowledge of the individual user, adapting its tone and choice of topics to their particular history,
preferences and current emotional state [11]. Even if a robot can respond in a natural way, this
does not mean that it knows the person it is talking to. Over repeated sessions, this absence of
personalisation progressively undermines the sense that the relationship is developing.

4. Behavioural dynamics: What is said is very important, but also how or when it is said matters.
The mechanics of spoken interaction, including response latency, backchannelling and conversa-
tional pacing, are as important as the content of the words themselves [4, 7]. For older adults in
particular, these dynamics require careful calibration. This group may speak more slowly, pause
more frequently or require more time to process a response [8]. A system that interrupts too
early, responds too quickly or fails to signal active listening will be perceived as socially intrusive,
regardless of the appropriateness of its verbal output.

When these four layers are functioning together, the result is what the literature calls social comfort,
i.e. a state in which the user experiences the interaction as natural and safe [68]. Social comfort is not
a �xed threshold, but rather a dynamic equilibrium. Failure in any one of the four layers can destabilise
this equilibrium. A robot that is empathetic but incoherent feels unpredictable. One that is coherent
but impersonal feels indi�erent. One that says the right things at the wrong pace feels intrusive. Social
comfort is only achieved when all four conditions are met simultaneously, and it is this requirement that
de�nes the engineering challenge in human-robot interactions (HRI).

2.1.2 The Fragmentation Gap: from Task Execution to Open-Domain Dia-
logue

Historically, robotic architectures were unable to ful�l these four psychological conditions. Early con-
versational robotics focused on task execution. Systems were designed to receive commands, retrieve
information and perform speci�c actions [29], with social engagement being neither a design goal nor a
success criterion. However, as robots began entering environments where sustained human interaction
was important, a di�erent need emerged. A robot that could only respond to commands seemed cold
and impersonal in settings that required warmth and continuity. This drove the development of systems
capable of open-ended, low-stakes conversation intended to build relationships and maintain engagement
over time [18].
LLMs appeared to resolve what scripted dialogue or �xed response systems could not. Trained on large
amounts of human language data, these models can generate contextually relevant, grammatically 
uent
responses on any topic without the need for task-speci�c programming [37, 82]. Yet the advance was
incomplete. Although individual responses are 
uent, extended interactions with LLM-powered robots
still feel mechanical and reset-like [3, 56]. While each response may be locally appropriate, the conversa-
tion as a whole lacks continuity, initiative and relational depth. While the model produces high-quality
output at the level of the single turn, it remains compartmentalised across sessions [18]. It does not carry
forward information from previous sessions. It does not recognise when a topic important to the user has
been overlooked and it does not initiate.
In addition to these structural shortcomings, LLM-powered systems tend to ask several questions in a
single response. In emotionally charged conversations, this can create an excessive cognitive burden, as
discussing sensitive topics requires some mental and emotional processing. Research evaluating empa-
thetic social robots designed to discuss personal memories with older adults found that asking several
questions simultaneously disrupts the natural rhythm of the conversation and overwhelms the listener
[61].
These examples illustrate the fragmentation gap: the robot is 
uent enough to pass as a conversational
partner in the moment, but lacks the long-term continuity to feel like one over time [12, 37, 68]. The
following sections examine the speci�c architectural components required to close this gap.
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2.2 Approaches to Relational Coherence

Bridging the fragmentation gap requires more than 
uent language generation. A robot that feels like a
companion must maintain a coherent memory of who it is talking to, take initiative at the right moments
and present a stable and recognisable personality across weeks of interaction. This section examines each
of these three requirements.

2.2.1 Episodic and Semantic Memory Architectures

In friendships, people remember what you told them last week, notice when something has changed and
bring up details you shared without being asked. This accumulated shared history is what transforms a
series of pleasant exchanges into an actual relationship [25]. To produce the same e�ect, a social robot
needs two distinct types of memory working together: episodic memory, which stores speci�c events and
conversations, and semantic memory, which retains stable, long-term facts about the user [43].
Early attempts to implement this in social robotics relied on structured, rule-based approaches. The
CARESSES project, for example, used ontology-based memory to store user-speci�c preferences, such
as whether they preferred tea or co�ee and used this information to personalise future interactions [29].
The Oro server took a more architectural approach, dividing memory into short-term, episodic and long-
term categories with di�erent lifespans and retrieval rules [43]. These approaches represented meaningful
progress. They could remember that a user had mentioned their daughter, for example, but they could
not recognise that the user has been anxious about a family visit in the past three days [25, 43]. Temporal
reasoning, the ability to detect patterns that unfold across days or weeks, remains out of reach.
More recent frameworks address this limitation by moving away from static fact retrieval towards con-
tinuously updated knowledge structures. Rather than operating as a list of stored facts, these systems
build an interconnected and evolving map of everything the system knows about the user, tracking their
situation, concerns and conversational history as a structure that evolves with each session. MemU is
one such example [53]. This underlying intention tracking enables proactivity, as the system always has
a comprehensive and up-to-date understanding of who it is talking to and what matters to them.

2.2.2 Contextual Proactivity and Anticipatory Frameworks

A robot that only responds when spoken to is still a passive tool. It is proactivity that distinguishes
a reactive system from one that feels present. In the literature, proactivity is de�ned as the ability to
anticipate a situation and act on it without waiting for an explicit prompt [12]. For a socially withdrawn
older adult who is unsure how to begin a conversation or simply does not feel like making the e�ort
on a particular day, a robot that waits silently for initiation places the entire relational burden on the
person. Speci�cally in elderly care, proactive behaviour takes the form of low-pressure, naturally timed
interventions, such as suggesting a light activity, asking whether a family member has visited recently or
simply opening the conversation with a reference to something the user mentioned last time [14, 46, 54].
These small gestures signal awareness and continuity, giving the feeling that the robot has been paying
attention.
However, proactivity is also one of the easiest things to get wrong. An intervention that arrives at the
wrong moment feels intrusive rather than warm [12, 14, 46]. This is why the literature emphasises the
need for robotiquette, which is a set of social timing rules that govern when and how a robot can take
the initiative appropriately. Equally important is avoiding repetition. A proactive callback that remains
unchanged across multiple sessions quickly begins to feel scripted and a generic prompt that could have
been directed at anyone feels impersonal [14, 37].

2.2.3 Persona Modeling and Identity Evolution

Although memory and proactivity solve the problems of continuity and initiative, they do not address
the third requirement, that the robot must appear to be the same entity throughout every session. Users
build trust with a robot's speci�c personality, tone and way of engaging. A robot whose character shifts
unpredictably between interactions does not feel like an evolving companion. It feels like a di�erent
system each time. Research consistently shows that a clearly de�ned personality is one of the strongest
predictors of user trust in social robots [51, 73].
The most widely used framework for de�ning this personality is the Big Five OCEAN model, which
characterises personality along �ve dimensions: Openness, Conscientiousness, Extraversion, Agreeable-
ness and Neuroticism [1]. By anchoring a robot's personality to a speci�c OCEAN pro�le, designers can
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produce a consistent and predictable relational identity.
Early implementations of this relied on static, preset prompts. At the start of each session, systems
were given a �xed persona description, such as that of a 32-year-old counsellor who is warm, patient and
supportive, and were instructed to maintain this persona throughout [16, 51, 73, 83]. While this approach
works reasonably well in short interactions, it breaks down over time. Furthermore, static persona de-
scriptions also in
uence how users relate to the robot. For example, framing the robot as a counsellor or
care worker can a�ect user perception. Research shows that older adults respond better to peer-like social
relationships than to care-oriented ones, and that overly therapeutic behaviour is frequently perceived as
condescending [20, 64].
More recent work has moved towards dynamic persona frameworks, such as Self-Evolving Personalised
Dialogue Agents (SPDA), which allow the robot's identity to adapt gradually in response to the user's
evolving expectations and preferences [16]. This approach addresses the cold start problem of attempting
to de�ne an optimal identity before any interaction occurs, as it can now develop through the relationship
itself.
However, there are still two problems. The �rst one is persona drift. This refers to a model's tone, register
or apparent personality gradually and unsupervisedly shifting across successive turns [83]. Unlike the cold
start problem, which occurs at the beginning of a deployment, persona drift accumulates silently over
time. The robot does not suddenly become a di�erent entity. Instead, it changes in small, subtle ways
that the user may not consciously notice, yet will still perceive. Over weeks of interaction, these shifts
quietly erode the sense of a stable social presence [25]. The user can no longer predict how the robot will
respond and this unpredictability undermines the psychological safety that a�ective trust requires.
The second problem is that frameworks such as SPDA manage gradual, long-term persona evolution rea-
sonably well, but they don't operate at turn level. They are not designed to detect real-time discrepancies
between the robot's output and the user's immediate emotional state. A robot that reacts in a positive
way to a user who has just expressed sadness (turn-level), or that stays cheerful when the conversation
has turned to grief or loss (multiple turns), is an example of a di�erent kind of persona failure. This is
not about the robot drifting across time, but about it not being emotionally in line with the user at that
moment.
This distinction is important because both types of failure damage trust, but through di�erent mech-
anisms and at di�erent timescales. Preventing drift requires tracking consistency across sessions. Pre-
venting emotional misalignment, on the other hand, requires evaluating each response against the user's
current emotional state. Addressing both forms of failure cannot be solved at the level of prompt design
alone. It requires a real-time supervisory architecture that monitors the robot's output across turns and
intervenes when the persona begins to deviate, or when a response risks being emotionally inappropriate.

2.3 Supervisory Frameworks and Model Self Evaluation

The previously discussed requirements cannot be met because the current LLM evaluation frameworks
do not operate in real time and because language models cannot reliably evaluate their own outputs.
When prompted to self-critique, they do not identify and correct errors. Instead, they rephrase the
original response with equal con�dence [35]. They cannot recognise when a response is contextually
inappropriate, temporally inconsistent or emotionally misaligned because they have no mechanism for
stepping outside the generation process to evaluate it [63].
Constitutional AI [5] demonstrates the importance of separating evaluation and generation. The system
generating the dialogue should not be the same system evaluating it. By separating these roles, a
secondary model acts as an independent supervisor, checking the proposed response against a strict set
of core principles to catch errors. This two-stage structure reliably identi�es errors that the generating
model would not detect itself. However, Constitutional AI was designed for o�ine training where the
evaluation criteria are explicit and well-de�ned, primarily for detecting harmful or toxic content. The
rules regarding social naturalness, emotional appropriateness and relational continuity in open-domain
social dialogue are highly ambiguous and context-dependent. They cannot be reduced to a �xed checklist,
meaning the Constitutional AI framework cannot be transferred directly to live conversational settings
without adaptation [5].
Another limitation in the current literature is its temporal nature. The majority of LLM evaluation
frameworks operate post hoc, meaning that once the conversation has �nished, the interaction is analysed
o�ine to identify where things went wrong [45]. While this is useful for improving future systems, it
o�ers no solution to errors that have already damaged the user experience. In social interactions, missed
emotional cues or inconsistent persona responses cannot be corrected afterwards. By the time the analysis
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is complete, the conversation will have moved on and relational damage will have been done. What is
needed is an evaluation layer operating within the latency budget of a live voice conversation to detect
and correct errors before the next response is generated.

2.4 Contribution

As demonstrated by the literature reviewed in this chapter, researchers have developed partial solutions
to the discussed challenges. More speci�cally, individual aspects of memory infrastructure, dynamic per-
sona frameworks and proactivity mechanisms have been addressed, though none of these issues have been
fully resolved.
The literature does not yet provide a system that brings these components together and keeps them
working in coordination during a live interaction. Memory, proactivity and persona consistency have
been treated as three separate research problems, each with its own literature, benchmarks and proposed
solutions. No existing framework treats these three factors as interconnected constraints that a supervi-
sory layer must balance in real time.
This is the gap that this thesis addresses. The proposed solution is a secondary re
ective layer referred
in this thesis as the Dialogue Analyser that sits above the primary language model and acts as a social
supervisor during live conversations. Rather than replacing the generative capacity of the main model,
the Dialogue Analyser monitors the interaction as it unfolds, detects social errors that the primary
model cannot identify itself and provides corrective guidelines before the next response is produced. The
speci�c architecture of this module and its mechanisms for managing memory, proactivity and persona
consistency in real time are detailed in the following chapters.



3
Architecture

3.1 Bridging the Gap: The Dialogue Analyser

This chapter explains how the Dialogue Analyser is constructed. The focus shifts from explaining why
the Analyser is needed to showing how it works in practice.
The Analyser operates alongside the primary language model as an independent supervisory layer. The
primary model retains full responsibility for generating responses, as the Dialogue Analyser does not
generate them. Instead, it monitors the conversation as it unfolds. When it detects a social error or a
missed opportunity, it sends a short corrective guideline to the primary model before the next response
is generated.
These guidelines are not scripts. The module does not dictate what the robot should say word for word
but it provides directional instructions, such as `acknowledge the user's sadness about their deceased
dog' or `take the initiative to bring up the hiking trip they mentioned yesterday'. The primary model
then decides how to incorporate the instruction naturally in its own words and style, ensuring that the
correction never feels like an interruption. When the conversation is going well, the Analyser stays silent.
The robot's persona, its knowledge of the user and any guidance produced by the Analyser are brought
together into a structured prompt that is injected before each robot response is generated, as described in
Section 3.3.5. The Dialogue Analyser operates across three functional phases, each targeting a di�erent
point in the conversational turn. The speci�cs of each phase are detailed in Section 3.3.

3.2 System Overview

The system is built on the TEN Framework, which is an open-source, real-time voice pipeline designed
for agentic applications requiring the simultaneous processing of audio, text and contextual data with
sub-second latency. TEN operates as a directed graph of isolated, asynchronous processing nodes, each
running independently [75]. Tasks such as speech transcription, memory retrieval and social error analysis
run in parallel, without any task blocking another. This parallel architecture makes it feasible to run a
re
ective supervisory layer alongside a live conversation without introducing noticeable delay.
Figure 3.1 provides a visual overview of the full pipeline. When the user speaks, their voice is captured
and distributed simultaneously to two components: a speech-to-text module (Deepgram), which tran-
scribes the words and a voice activity detection module, which tracks when speech starts and stops. Both
processes draw on the same audio input and run in parallel, so neither delays the other.
Once a transcription is available, the system must determine whether the user has actually �nished their
turn. Using a �xed silence timer alone is unreliable, as it may cut in during a natural pause in the middle
of a sentence or wait too long after a short reply [69]. A more e�ective approach is to use a lightweight
model that reads each transcript and judges whether a thought has been completed. A sentence that
ends with `and' or `because', for example, does not necessarily mark the end of a turn, regardless of how
long the silence that follows it lasts. This semantic judgement is handled by a dedicated turn detection
model, which provides a verdict on whether the user's thought is complete before the pipeline proceeds
[60].
In this deployment context, a particular challenge is that elderly users speak more slowly and pause more
frequently during their turns than younger adults do. If the silence thresholds are set too low, the system
misinterprets natural pauses as the end of a turn and cuts in before the user has �nished speaking. To
address this issue, the voice activity detection silence threshold is set higher for elderly users. However,
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Figure 3.1: Overview of the conversational pipeline built on the TEN Framework. User input is processed
in parallel for transcription and voice activity detection prior to turn con�rmation. Asynchronous nodes
that follow, including Memory, the Dialogue Analyser and the Visual Monitor, feed into the main LLM
to ensure a real-time, low-latency response.
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this is currently a static con�guration rather than a dynamic adaptation, meaning it cannot adjust to
variation between individuals within the elderly population. A user who speaks particularly slowly will
still encounter premature cut-ins that a longer threshold would prevent. This is a known structural lim-
itation of relying on static silence thresholds for turn-taking [70].
When the turn is con�rmed, several things happen simultaneously. The system queries MemU for seman-
tically relevant memories about the user. To capture the physical environment, an ambient monitoring
process runs independently on a separate timer, sampling a visual frame approximately every �ve seconds
and scoring its relevance to the ongoing conversation. When an environmental cue exceeds a relevance
threshold, it is stored and incorporated into the context of the next turn. Additionally, a reactive visual
routing check runs when the user's words suggest a visual question, such as 'look at this', triggering an
immediate analysis of the current camera frame.
The user's input is also sent to the Dialogue Analyser. The primary language model waits until either
a timeout is reached or the analyser returns a corrective guideline. If the guideline arrives in time, it is
merged into the prompt before the model generates its response. Otherwise, the primary model proceeds
without it and the guideline is applied to the next turn.
The primary language model (GPT-4o) generates its response incrementally, streaming tokens as they are
produced rather than waiting for the full reply to be completed. As soon as the �rst complete sentence is
formed, it is immediately sent to the text-to-speech module (ElevenLabs), which begins vocalising before
the rest of the response has been written. This keeps the total delay from when the user �nishes speaking
to when the robot's �rst audible reply is heard within a range that human listeners experience as natural.

3.3 The Dialogue Analyser

Although the primary language model generates 
uent and contextually relevant responses, it has three
structural blind spots that make it unsuitable for long-term companion interaction on its own. It does not
critique its own previous responses, so if it produces an inadequate reply, it has no mechanism to adjust
without external feedback [35]. Secondly, it does not reliably track patterns across turns. For example, it
may continue to ask follow-up questions without registering that the user's replies are becoming shorter,
which is a well-documented indicator of disengagement. Furthermore, its default tendencies, such as
ending each turn with a question and maintaining forward momentum in the conversation, actively
con
ict with good companion behaviour for elderly users. It has been shown that an unbroken stream of
questions disrupts conversational 
ow and causes disengagement in this group [80]. The Dialogue Analyser
aims to address these errors by monitoring the interaction at every turn and providing corrections without
interrupting the main conversation.

3.3.1 Architecture and Delivery

The Dialogue Analyser operates as an independent node within the TEN Framework, receiving the current
user turn and the most recent robot response as input. It also uses its own rolling conversation history to
interpret the current user turn and robot response in relation to the overall conversation. The Dialogue
Analyser triggers three parallel analyses:

ˆ Pre analysis: which occurs before the robot responds, examining what the user has just said in
the context of the recent conversation history.

ˆ Post analysis: which evaluates the previous robot response against both the user's current reply
and the conversational context.

ˆ Proactivity module: which determines whether the robot should initiate something.

These results are packaged as a structured guidance block and injected into the primary model's prompt.
To meet the latency constraints of live conversations, the system uses a three-payload delivery approach.
The pre-analysis payload is sent as soon as the pre-analysis call completes, allowing the primary model
to act on it immediately. Post-analysis follows as the second payload once its analysis is complete. The
proactivity decision arrives as the third payload and is merged into the current turn if it arrives within
the timeout window. This design ensures social correction is delivered in the same turn wherever possible
while guaranteeing the pipeline never stalls waiting for guidance.

The Dialogue Analyser's internal calls use GPT-4o-mini rather than the full GPT-4o model. Since all
three phases perform classi�cation and detection rather than open-ended generation, the reduced model
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capacity is su�cient and keeps the pipeline within the required timeout window [28].
Figure 3.2 provides an overview of the three parallel analyses, their respective checks, and how their
outputs are merged into a single guidance block before each response is generated.

Figure 3.2: The internal structure of the Dialogue Analyser. Each phase produces a payload that is
merged into a structured guidance block. This block is then injected into the GPT-4o prompt before the
next response is generated.

3.3.2 Pre-Analysis: Prevention Before the Response

Pre-analysis examines the user's input before the robot responds. Its purpose is to prevent the robot
from producing a harmful or socially inappropriate reply by applying a behavioural constraint before
generation begins. It applies four checks:

ˆ Safety signals: Crisis language and self-harm cues are 
agged. In an elderly care context, the
robot must never probe further when a user expresses distress. The correct response in this situation
is to o�er a warm acknowledgement and, if appropriate, gently suggest that they speak with a
family member or caregiver [4]. Social robots lack the clinical empathy and judgement required
for managing severe psychological crises. An automated system that attempts to intervene in cases
of acute distress risks creating a therapeutic misconception whereby the user overestimates the
machine's capacity to provide therapeutic support [39]. Relying on a robot for complex emotional
support can worsen a user's mental state rather than providing comfort [4].

ˆ Emotional cue detection: The system 
ags signs of personal distress or emotional load, ensuring
the primary model explicitly acknowledges and validates the user's feelings rather than moving past
them.

ˆ User style preferences: Explicit preferences expressed during the session, such as `be less chirpy',
are captured and stored for use in future prompts of that conversation.

ˆ Engagement check: This check operates deterministically without calling a language model. If
the robot has asked questions in three or more consecutive turns and at least two of the user's replies
contain fewer than ten words, a correction is forced because short replies are a reliable behavioural
indicator of disengagement [58] and an unbroken sequence of questions met with increasingly brief
answers is a recognised failure pattern in companion interaction. In such cases, the robot is in-
structed to respond with a warm statement, re
ection or observation, rather than asking another
question. This constraint only applies to the current turn, after which normal behaviour resumes.
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3.3.3 Post-Analysis: Correction After Robot Response

The pre-analysis focuses on what the user said. Post-analysis, on the other hand, focuses on what the
robot said, speci�cally whether its previous response was socially appropriate in light of what the user
said next. While pre-analysis can detect when a user expresses distress, it cannot assess whether the
robot's response to that distress was adequate. Post-analysis considers the entire conversation and asks
whether it was handled well.
To illustrate this, suppose a user says, `My sister called yesterday, we hadn't spoken in years.' The robot
might reply, `That's wonderful! What else did you do yesterday?' If the next user's response is a normal
reply to the question asked, pre-analysis sees nothing unusual and has no reason to 
ag anything. The
user has answered, the conversation is moving and everything looks �ne. However, post-analysis sees
the full picture, a user who has shared something emotionally signi�cant, a robot that has acknowledged
it with a single word and immediately moved on to a generic follow-up question and a user who has
followed along without the moment ever being properly addressed. Post-analysis would 
ag this as a
missed emotional moment and instruct the robot to return to what the user said about their sister in
their next response, giving the robot a second chance to handle the moment it failed to acknowledge.
A limitation of this retroactive approach is that the robot has already made a conversational misstep
and addressing this a turn later might feel unnatural. However, this limitation is mitigated by the fact
that the post-analysis output is provided as a guideline and the main generative model (e.g. GPT-4o)
uses its own judgement to decide how to incorporate this information naturally. For example, if the user
responded to the generic question by saying that they had gone for a walk in the garden, the robot could
connect the two topics by asking, `A walk in the garden sounds lovely. Did you �nd yourself thinking a
lot about that phone call with your sister while you were walking?' This ensures that the system validates
both the user's latest input and the previously overlooked emotion without disrupting the conversational

ow.
Post-analysis monitors for three issue types.

ˆ A missed emotion 
ag is raised when the user expresses personal emotion explicitly and the robot
fails to acknowledge it.

ˆ A personality consistency 
ag is raised when the robot violates a protected behavioural value, such
as dismissing real distress, repeating itself on a topic that the user has already moved on from, or
maintaining a forced cheerfulness that con
icts with the user's emotional state.

ˆ An incoherent topic shift 
ag is raised when the robot changes the subject without providing a
connection to the previous topic or returns to a topic that the user has indicated they want to leave
behind.

The intervention threshold is intentionally high so that post-analysis only �res a corrective guideline
when it is con�dent that the delivered response would cause concrete social failure. False positives that
overwrite a good response are more damaging to the interaction than false negatives.
The post-analysis also scores how the user responded to the previous proactive move, determining whether
they engaged with it, ignored it or displayed disengagement. This score is fed directly into the proactivity
cooldown system. A single low or medium uptake score means that the same topic cannot be used
proactively again for the rest of the session. Only a high uptake score allows the same topic to be
reintroduced after a �fteen turn cooldown period, a value de�ned as an adjustable system hyperparameter.

3.3.4 Proactivity: Initiating rather than Reacting

The proactivity module determines whether the robot should take the initiative by raising an unacknowl-
edged detail, introducing a new topic or providing quieter companionship. It runs as a separate process,
triggered at a heuristically chosen baseline of six turns, or sooner if pre-analysis detects a drop in en-
gagement or if the user responds with short replies on consecutive turns. The module operates in four
modes:

ˆ Anticipatory: The system acts before a need arises. It predicts where the conversation is heading
and surfaces something relevant (often drawn from memory) before the user explicitly raises it. For
example, if a resident remarks, `I can't believe it's already the end of October ' and the system's
memory notes that it is their deceased spouse's birthday this week, the robot can recognise the
emotional weight and say something like : `Time is passing quickly. I know this week is usually
tough for you with John's birthday approaching. How are you feeling about it?' This validates the
emotion without the user having to explain why they are feeling down.
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ˆ Self-initiated: The robot brings up something that the user has mentioned in passing earlier in
the session, or recalls a speci�c detail from a previous day, which has not yet been explored.

ˆ Change-oriented: When the current conversational trajectory is no longer serving the user, the
system introduces a fresh angle or topic aligned with the user's known historical interests to initiate
a shift.

ˆ Passive Presence: This is the most important for elderly care. When the user's social energy
is consistently low, the system backs o� entirely, o�ering one calm, validating statement with no
question or new topic attached.

A cooldown system prevents the same topic from being raised proactively more than once per session
unless the user engages with it the �rst time. Topics are assigned a stable label when introduced and their
cooldown period is updated based on uptake scores. This prevents the proactivity module from repeatedly
cycling through the same material, which the literature identi�es as a primary cause of disengagement
once the initial novelty has worn o� [80].

3.3.5 Persona and Prompt Architecture

Before generating a response, all relevant information (the robot's persona, its knowledge of the user,
the conversation history and the guidance signal from the Dialogue Analyser) is combined into a single,
structured prompt. This prompt can be divided into three layers, each of which contributes to the robot's
next response.

ˆ The First Layer (Fixed Identity): The �rst layer is a �xed system prompt that is assembled
at the start of each session. Its core is a single identity statement: 'You are Noa, a lifelong friend
of [user name], not a therapist or care worker.' The system prompt implements this through
concrete behavioural rules: responding to what the user has actually said rather than o�ering
generic comfort, never inferring or naming the user's emotional state unless they have named it
themselves, asking speci�c follow-up questions rather than open-ended therapeutic prompts and
never �lling conversational space with empty a�rmations.

ˆ The Second Layer (Background Memory): At this stage, Noa knows how to behave, but has
no idea who they are talking to. The second layer addresses this. At the start of the session, a
background task queries MemU for a summary of the user's pro�le, interests, current plans and
recent life events. If anything is returned, it is added to the per-turn context.

ˆ The Third Layer (Per-Turn Context): This layer is rebuilt with every turn. Before each call
to the primary language model, a structured context message containing relevant memory (both
the general background and speci�c details retrieved for that turn), the conversation history, and
the guidance signal from the Dialogue Analyser is assembled.

The �rst layer tells the robot how to behave. The second tells it who it is talking to. The third builds
the actual per-turn prompt. Without all three working together, the robot might know how to behave,
but would lack the context to do so.
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Experimental design

The previous chapters established the need for socially coherent robots and the architectural response
proposed by this thesis. This chapter describes how this approach is evaluated. The study is guided by
two primary research questions:

ˆ Research Question 1: Does the Dialogue Analyser enhance the user's conversational experience
compared to a baseline system without it?

ˆ Research Question 2: Does the e�ect of the Analyser depend on the emotional load of the
conversation? In other words, is its bene�t greater when participants are discussing something
stressful rather than something positive?

To address these questions, a controlled within-subjects experiment was conducted, involving the
social robot Pepper (see Figure 4.1). Pepper is a widely used, semi-humanoid robot designed speci�cally
for HRI [57]. Each participant engaged in two eight-minute conversations with the robot, where in one
conversation the Dialogue Analyser was active and one where it was not.

4.1 Experimental Conditions

The study uses a 2 x 2 within-subjects design that crosses two independent variables: system condition
(baseline versus Dialogue Analyser active) and conversation topic (positive versus stressful). Each par-
ticipant experiences both conditions, one per session. The speci�c pairing and order are determined by
random assignment to one of four counterbalancing groups.

4.1.1 System Condition

In the baseline condition, the social robot Noa, which is embodied by the humanoid robot Pepper, is
driven only by a GPT-4o language model and a standard companion role system prompt. This model
generates responses one at a time without any retrospective evaluation. It does not critique its own
preceding output or track behavioural patterns across turns. Nor does it have a mechanism for detecting
tone mismatches between its response and the participant's emotional state.
In the active Dialogue Analyser condition, the same underlying GPT-4o model and system prompt are
used. However, a supervisory layer runs in parallel with every conversational turn, performing three
concurrent analyses as described in Chapter 3. All other aspects of the experiment are identical for each
participant, including the robot's voice and physical appearance, the room setup, the experimenter's
behaviour and the length of the conversation. Participants are not informed which condition is active
during which session. This information is only revealed during the debrie�ng session once both sessions
have been completed.

4.1.2 Conversation Topic

The second within-subjects factor is the emotional content of the conversation. At the start of each
session, the participant is given a prompt card with a conversation topic on it. In the positive topic
condition, they are asked to discuss a recent positive experience of their choice, such as a pleasant moment
with friends, a personal achievement or an upcoming event. In the stressful topic condition, they are
asked to discuss something that is currently worrying or stressful, such as an approaching deadline, a
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di�cult conversation or an ongoing concern. Participants choose the speci�c content within each category
themselves, ensuring that the emotional material is personally relevant rather than externally imposed.
The topic factor tests whether the bene�t of the Dialogue Analyser depends on the emotional load of the
conversation. It is hypothesised that the module adds most value when empathic attunement matters
most, i.e. in the stressful condition. If participants' scores improve when discussing the stressful topic but
not the positive one, this suggests that the bene�t is driven speci�cally by emotional sensitivity rather
than by a general improvement in conversational 
uency. Without the positive topic as a comparison
point, this conclusion cannot be drawn.
The idea of a design in which participants would experience only one topic was considered, but rejected
because it would not allow the second research question to be tested. In order to determine whether
the module's e�ect depends on emotional load, it is necessary for each participant to experience both a
stressful and a positive conversation. A between-subjects comparison of topics would confound the e�ect
of the topic with individual di�erences in expressiveness, stress sensitivity and baseline comfort with the
robot. Therefore, the within-subjects design is the only approach that cleanly separates the module's
general e�ect from its emotionally speci�c one.

4.1.3 Counterbalancing

As shown in Table 4.1, four counterbalancing groups handle the crossing of condition order (baseline
�rst versus Dialogue Analyser active �rst) and topic order (positive �rst versus stressful �rst). The
16 participants were randomly and equally distributed across four groups (n = 4 per group). This
counterbalancing controlled for carry-over e�ects and session order e�ects. However, residual carry-over
e�ects such as mood, fatigue and adaptation to the robot's voice cannot be fully eliminated given that
both sessions occur on the same day.

Group Session 1 Session 2 n
A Baseline + Stressful Topic Analyser + Positive Topic n=4
B Baseline + Positive Topic Analyser + Stressful Topic n=4
C Analyser + Stressful Topic Baseline + Positive Topic n=4
D Analyser + Positive Topic Baseline + Stressful Topic n=4

Table 4.1: Experimental Design Conditions

4.1.4 Participants

A total of 16 participants (7 male and 9 female, 22.2 � 1.2 years) were recruited. The group was
mainly made up of engineering students, as well as a student of psychology and one of social work. All
participants were native Dutch (Flemish) speakers. At the start of the experiment, they were asked
if they were comfortable conducting the sessions in English and all participants agreed. Twelve of
them reported using AI chatbots on a weekly basis, indicating a high level of general familiarity with
conversational technology. However, most of them had no prior experience with physical social robots.
Their talkativeness was rated as M = 6.6 (SD = 2.0) on a scale of 1-10. Participants with severe hearing
or speech impairments that would a�ect their ability to interact naturally with the robot were excluded,
as were those with prior exposure to the Dialogue Analyser in an experimental context.

4.2 Settings

All sessions took place in a meeting room at the IGent building on the campus of Ghent University.
Participants sat facing the Pepper robot, which was positioned facing a white wall to optimise its face-
tracking performance, as is shown in Figure 4.1b. To overcome the limitations of Pepper's built-in
microphones, each participant wore an external lapel microphone to ensure accurate voice detection and
clear speech transcription. Audio was played back through a tablet attached to the robot's chest, which
also served as the primary interface, as can be seen in Figure 4.1a. The TEN Framework and all processing
ran on a high-performance external workstation equipped with a dedicated GPU. By decoupling the
computation from the robot in this way, response latency was reduced and it was ensured that the
parallel supervisory analyses of the Dialogue Analyser did not compete with the main conversational
pipeline for processing resources.
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