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Resumo

A presença de robôs em ambientes centrados no ser humano, como universidades, hospitais e
museus, tem crescido de forma expressiva, com os robôs anfitriões a emergirem como uma classe
distinta de robôs sociais, encarregados de receber visitantes, prestar informações e apoiar a naveg-
ação em contextos institucionais complexos. As implementações atuais assentam tipicamente em
diálogo guionado ou modelos de interação por estados finitos, que garantem previsibilidade mas
limitam a capacidade de resposta à natureza aberta dos pedidos reais dos visitantes. Os modelos
de linguagem de grande escala abrem caminho a uma interação mais natural e flexível, porém a
sua integração em sistemas robóticos físicos e em tempo real levanta três desafios por resolver:
tendência para gerar respostas incorretas ou infundadas; ausência de salvaguardas contra a seleção
autónoma de ações inseguras ou repetitivas; e latências de inferência difíceis de conciliar com a
interação conversacional em tempo real.

Esta dissertação responde a estes desafios propondo uma arquitetura robótica anfitriã agêntica
construída em torno de um ciclo de raciocínio dual Planeador–Crítico, no qual um modelo de
linguagem primário propõe ações enquanto um componente Crítico de Segurança estruturalmente
independente avalia cada proposta antes da execução; uma arquitetura de conhecimento em três
pipelines que separa a execução da ingestão e da manutenção de conhecimento, de modo a que
correções factuais possam ser aplicadas como operações sobre dados em vez de retreino do mod-
elo; e um mecanismo autónomo de escalonamento por Voice over Internet Protocol (VoIP) que
efetua uma chamada telefónica real com uma mensagem sintetizada dinamicamente e consciente
da localização quando as capacidades autónomas do robô se esgotam.

O sistema foi implementado numa representação simulada de um campus universitário e
avaliado em sete vertentes complementares: uma avaliação automatizada por Large Language
Model (LLM)-as-a-Judge combinou pontuação de turno único e multi-turno em quatro mode-
los de linguagem candidatos; um estudo de preferência com a população geral recolheu avali-
ações comparativas de 46 participantes; uma avaliação especializada por funcionários do balcão
de informações universitário aferiu a precisão factual em duas rondas de refinamento da base de
conhecimento; e uma validação multi-ambiente numa instituição de investigação independente
compreendeu uma demonstração simulada e a implementação física em duas plataformas robóti-
cas distintas, complementada por uma demonstração física do mecanismo de escalonamento tele-
fónico autónomo.

Os resultados mostram que a configuração selecionada, Qwen2.5-72B-Instruct, obteve
uma taxa de aprovação de turno único de 95,7% e uma pontuação média de qualidade automati-
zada de 0.87, a mais elevada entre as quatro configurações testadas, com uma latência média de
inferência de 5,60 segundos, um valor superior aos limiares idealmente desejáveis identificados na
literatura, mas que a avaliação da população geral considerou globalmente aceitável para efeitos de
interação. A mesma configuração foi preferida pelos avaliadores humanos nas vinte comparações
de histórias realizadas em ambos os grupos, com uma preferência global de 40 em 46 respon-
dentes. O ciclo de correção de conhecimento melhorou a precisão avaliada por especialistas nas
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interações com piores resultados em até 3,5 pontos numa escala de cinco pontos, em poucos min-
utos e sem qualquer alteração à arquitetura de raciocínio subjacente. A validação multi-ambiente
mostrou que o mesmo software conversacional, sem modificações, comandou corretamente duas
plataformas robóticas fisicamente distintas, cada uma operando no seu próprio mapa e pilha de
navegação numa instituição independente.

Estes resultados demonstram que uma arquitetura que combina avaliação de segurança es-
truturalmente separada, governação de conhecimento leve e corrigível, e escalonamento gradual
para assistência humana constitui uma base viável e reutilizável para robôs anfitriões socialmente
expressivos, generalizável entre domínios de conhecimento institucionais e plataformas robóticas
físicas. Os resultados apontam igualmente para a necessidade de trabalho futuro sobre implemen-
tação local de modelos e escalonamento humano bidirecional para suportar a implementação à
escala de produção.
Palavras-chave: Robótica Social, Robôs Anfitriões, Modelos de Linguagem de Grande Escala
(LLMs), Arquiteturas Agênticas, Geração Aumentada por Recuperação (RAG), Interação Humano-
Robô (HRI).



Abstract

The deployment of robots in human-centred environments, such as universities, hospitals, and mu-
seums, has increased markedly, with host robots emerging as a distinct class of social robot tasked
with welcoming visitors, providing information, and supporting navigation in complex institu-
tional settings. Existing host robot deployments typically rely on scripted dialogue or finite-state
interaction models, which offer predictability but restrict adaptability to the open-ended nature
of real visitor requests. Large language models offer a path towards more natural and flexible
interaction, but their integration into embodied, real-time robotic systems introduces three unre-
solved challenges: a tendency to generate ungrounded or factually incorrect responses; a lack of
safeguards against unsafe or looping autonomous action selection; and inference latencies that are
difficult to reconcile with real-time conversational interaction.

This dissertation addresses these challenges by proposing an agentic host robot architecture
built around a dual-model Planner–Critic reasoning loop, in which a primary language model pro-
poses actions whilst a structurally independent Safety Critic component evaluates each proposal
before execution; a three-pipeline knowledge architecture that separates execution, knowledge in-
gestion, and knowledge maintenance so that factual corrections can be applied as data operations
rather than through model retraining; and an autonomous Voice over Internet Protocol (VoIP) esca-
lation mechanism that places a real telephone call with a dynamically synthesised, location-aware
message when the robot’s autonomous capabilities are exhausted.

The system was implemented within a simulated representation of a university campus and
evaluated across seven complementary strands: an automated Large Language Model (LLM)-as-
a-Judge assessment combined single-turn and multi-turn scoring across four candidate language
models; a general-population preference study gathered comparative ratings from 46 participants;
an expert evaluation by university InfoDesk staff assessed factual accuracy across two rounds of
knowledge-base refinement; and a cross-environment validation at an independent research facility
comprised both a simulated demonstration and physical deployment on two distinct mobile robot
platforms, complemented by a physical demonstration of the autonomous telephony escalation
mechanism.

Results show that the selected configuration, Qwen2.5-72B-Instruct, achieved a single-
turn pass rate of 95.7% and a mean automated quality score of 0.87, the highest among the four
configurations tested, with a mean inference latency of 5.60 seconds, a value higher than the ideally
desirable thresholds identified in the literature, yet deemed globally acceptable by the general-
population evaluation for conversational interaction. The same configuration was preferred by
human evaluators in all twenty story comparisons conducted across both comparison groups, with
a global preference of 40 out of 46 respondents. The knowledge-correction cycle improved expert-
rated accuracy on the weakest-performing interactions by up to 3.5 points on a five-point scale
within minutes, with no change to the underlying reasoning architecture. The cross-environment
validation showed that the same conversational software, unmodified, correctly commanded two
physically distinct robot platforms, each operating on its own map and navigation stack at an
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independent institution.
These results demonstrate that an architecture combining structurally separated safety evalua-

tion, lightweight and correctable knowledge governance, and graceful escalation to human assis-
tance constitutes a viable and reusable foundation for socially expressive host robots, generalisable
across institutional knowledge domains and physical robot platforms. They further highlight the
need for future work on local model deployment and bidirectional human escalation to support
production-scale deployment.
Keywords: Social Robotics, Host Robots, Large Language Models (LLMs), Agentic Architec-
tures, Retrieval-Augmented Generation (RAG), Human-Robot Interaction (HRI).



UN Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs) provide a global framework for
achieving a better and more sustainable future for all. It includes 17 goals1 to address the world’s
most pressing challenges, including poverty, inequality, climate change, environmental degrada-
tion, peace, and justice.

Whilst the work presented in this dissertation is not an environmental or resource-management
project, the agentic host robot system it describes contributes to two goals concerned with the
quality and accessibility of education-support services and the productivity of decent work within
an institutional setting. The specific Sustainable Development Goals addressed by this work have
the following names:

SDG 4 Ensure inclusive and equitable quality education and promote lifelong learning opportu-
nities for all

SDG 8 Promote sustained, inclusive and sustainable economic growth, full and productive em-
ployment and decent work for all

SDG Target Contribution Performance Indicators and
Metrics

4 4.a Disorientation and lack of accessible,
reliable information are barriers to
participation in education that
disproportionately affect
first-generation students,
international visitors, and people
with disabilities. By demonstrating
that a conversational AI agent can
serve as an always-available,
multilingual orientation point within
an educational institution, this work
contributes to the broader ambition of
building learning environments that
are genuinely inclusive and navigable
for all, regardless of prior familiarity
with institutional norms or fluency in
the local language.

InfoDesk staff Accuracy and
Clarity ratings (Section 4.4.3);
reduction in unresolved or
misdirected visitor queries
following knowledge-base
refinement.

1https://sdgs.un.org/goals
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8.2 Across institutions and organisations

worldwide, skilled workers spend a
disproportionate share of their time
on repetitive, low-complexity tasks
that could be handled by automated
systems. By demonstrating that an
agentic robot can autonomously
manage routine orientation and
information-retrieval interactions,
this work illustrates a broader
pathway through which AI-assisted
automation can free human workers
to concentrate on tasks that require
creativity, empathy, and professional
judgement, contributing to the kind
of economy-wide productivity gains
through technological upgrading that
this target envisions.

Task completion rate for
navigation and
information-retrieval scenarios
(Section 4.2); InfoDesk staff time
and effort previously spent on
routine directional queries, as
reported qualitatively during the
expert evaluation (Section 4.4.3).

8.3 One of the practical obstacles to
deploying productivity-enhancing AI
in institutions with limited resources
is the cost and complexity of
maintaining such systems over time.
By relying on retrieval-augmented
generation over a lightweight, locally
maintained knowledge index rather
than on costly model retraining, this
work demonstrates that capable,
maintainable AI infrastructure need
not require dedicated machine
learning operations support or
significant capital expenditure,
lowering the barrier to adoption for
organisations in lower-income
contexts or with constrained
technical capacity.

Time required to correct or
extend the knowledge base via
the data maintenance pipeline
(InfoDesk refinement cycle,
Section 4.4.3); absence of
retraining cost across both
deployment environments
(Section 4.5).
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Chapter 1

Introduction

This chapter introduces the problem addressed by this dissertation, situates it within the broader

landscape of host robots and language model-driven interaction, and outlines the motivation,

scope, and structure of the work that follows.

1.1 Problem Statement

The deployment of robots in human-centred environments has increased markedly over the past

decade, reflecting a broader societal shift towards the integration of autonomous systems into

everyday public and semi-public spaces such as hospitals, museums, universities, and hospitality

venues [58]. In these contexts, robots are expected to interact directly with non-expert users, often

engaging in spoken dialogue and socially situated interaction rather than performing narrowly

defined physical tasks. As a result, they are increasingly perceived not merely as functional tools,

but as social entities whose behaviour, communicative competence, and expressive qualities shape

user experience, trust, and acceptance [39].

Within this domain, host robots constitute a distinct class of social robots designed to welcome

visitors, provide information, and support orientation and navigation in complex environments

[42]. In academic and institutional settings, these responsibilities frequently include responding

to natural language requests for specific destinations (e.g., conference rooms or administrative

offices) and assisting visitors in reaching them efficiently and reliably. Such interactions typically

begin with a high-level spoken request and require the robot to interpret user intent, identify the

referenced location, and initiate an appropriate guidance process.

These roles impose particularly high demands on conversational ability and social appropriate-

ness, as host robots are often evaluated in direct comparison with human staff [25]. Prior research

indicates that perceived friendliness, naturalness of interaction, and conversational competence

strongly influence user satisfaction and willingness to engage with such systems [54], especially

in contexts characterised by time pressure and low tolerance for interaction failure.

Despite advances in social robotics, many deployed host robots continue to rely on scripted

dialogue, finite-state interaction models, or narrowly scoped conversational flows [56]. While

1
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these approaches offer predictability and technical robustness, they restrict adaptability to diverse

users, contexts, and unanticipated interaction trajectories, often resulting in repetitive or unnatural

conversations. This gap between user expectations of natural spoken interaction and the actual

conversational capabilities of deployed robots remains a central challenge in human–robot inter-

action research [5].

Recent developments in Large Language Model (LLM)s have demonstrated unprecedented

fluency, contextual awareness, and flexibility in natural language generation, creating new op-

portunities for conversational agents capable of open-ended dialogue [20]. However, integrating

LLMs into embodied social robots introduces significant challenges. LLMs are prone to gener-

ating ungrounded, inconsistent, or factually incorrect responses, which can undermine reliability

and user trust [31]. Moreover, most LLM-based systems have been developed for disembodied

applications and do not inherently account for the constraints of real-time spoken interaction, em-

bodiment, or multimodal expressiveness required in physical robots [42].

A further challenge concerns the move from reactive dialogue to proactive, goal-directed be-

haviour. A host robot operating in a dynamic institutional environment must do more than generate

contextually appropriate replies, it must plan sequences of actions, invoke specialised capabilities

such as navigation or information retrieval, evaluate the safety and appropriateness of its own deci-

sions, and recover gracefully from unexpected situations. This class of behaviour is characteristic

of what is referred to in the artificial intelligence literature as an agentic system: one in which a

language model acts as a high-level reasoning engine that autonomously selects and executes tools

or skills in pursuit of a goal [45, 57]. Addressing these limitations within an embodied, real-time

interaction context constitutes an open problem for the deployment of socially expressive host

robots.

While low-level navigation and route planning are commonly delegated to specialised subsys-

tems, the conversational and agentic component of a host robot plays a critical coordinating role. It

must ground destination requests in environment-specific knowledge, resolve ambiguities in user

intent, select appropriate actions from a defined repertoire, and manage the handover of navigation

goals within the broader system architecture. Ensuring that this coordination is both reliable and

socially appropriate remains a key challenge for the deployment of conversationally capable host

robots in real-world institutional environments.

1.2 Motivation

The motivation for this work arises from the convergence of three developments: the increasing

deployment of service and host robots in public environments, the growing expectations of natural

spoken interaction from non-expert users, and recent advances in language-based artificial intel-

ligence. Empirical studies in hospitality and service contexts demonstrate that users increasingly

expect robots to communicate in a manner that resembles human conversational norms, particu-

larly in front-facing roles such as reception, guidance, and information provision [4, 25]. Failure
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to meet these expectations can lead to frustration, reduced trust, and diminished long-term accep-

tance of robotic systems [5, 41].

LLMs offer a promising pathway towards addressing these expectations by enabling flexible,

context-aware dialogue generation without reliance on extensive hand-crafted scripts [42]. Recent

research has explored the use of LLMs as high-level cognitive components for embodied agents,

demonstrating their potential to support reasoning, planning, and interaction in robotic systems

[1, 20]. In parallel, advances in speech recognition and speech synthesis have significantly im-

proved the robustness and naturalness of real-time spoken interaction, even in noisy and dynamic

environments [55, 58].

However, existing studies also highlight persistent challenges, including response latency, hal-

lucinated content, lack of grounding in environment-specific knowledge, and difficulties main-

taining coherent conversational flow over extended interactions [31, 42]. Knowledge-grounded

dialogue approaches and semantic representations have been proposed as mechanisms to improve

reliability and coherence in social robots, yet their integration with open-domain LLM-based dia-

logue remains underexplored in embodied, real-time interaction settings [17].

Beyond reactive dialogue, a further motivation concerns the behavioural autonomy of the

robot. A host robot deployed in an academic institution must handle a wide range of unpredictable

situations: obstructed paths, absent personnel, multi-floor navigation, and multilingual guests,

without human intervention. Meeting this requirement demands not only conversational fluency

but also the capacity for autonomous decision-making and action sequencing. This motivates the

adoption of an agentic architecture in which the LLM, hereinafter referred to as the Planner, func-

tions as a planner that dynamically selects, executes, and evaluates a set of modular tools and

skills, rather than merely generating text responses. The introduction of a dedicated safety critic

component, hereinafter referred to as the Critic or Safety Critic, further addresses concerns re-

garding the reliability and appropriateness of autonomous action selection in a public-facing robot

[47].

A final motivating consideration concerns the practical sustainability of such a system once

deployed. An institutional host robot does not operate against a static body of knowledge: room

assignments change, opening hours are revised, and new services appear over the lifetime of a

deployment. A system whose factual knowledge is embedded inseparably in model weights would

require costly retraining to remain accurate, an unrealistic proposition for an academic deployment

without dedicated machine learning operations support. This motivates a knowledge architecture

in which the robot’s domain knowledge is held separately from its reasoning process and can be

corrected or extended through lightweight data operations, a design consideration that is developed

throughout this dissertation alongside the agentic and safety architecture.

Beyond technical considerations, this work is also motivated by the role of host robots as in-

stitutional representatives in academic environments. In such contexts, robots contribute not only

to functional assistance but also to first impressions, perceived technological maturity, and overall

visitor experience. These design goals and interaction priorities are later formalised through a
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product vision perspective that captures the system’s intended users, scenarios, and value proposi-

tion.

1.3 Scope of the Work

This dissertation focuses on the design, implementation, and analysis of a multimodal host robot

capable of engaging in socially appropriate spoken interaction within an academic environment.

While the robot is conceptually situated within a physical setting, the work concentrates specifi-

cally on conversational interaction, agentic behaviour, knowledge grounding, expressive embodi-

ment, and system architecture, rather than on low-level perception, manipulation, or the navigation

stack itself.

This project, described in Figure A.1, was conducted as an unfunded academic research effort

and benefited from the technical contributions of two students enrolled in the Master’s programme

in Electrical and Computer Engineering. Their work focused on the physical robot platform and

its navigation-related components, including motion and trajectory handling.

The implementation and the principal evaluation strands presented in this dissertation were

carried out within a purpose-built simulated representation of the Faculdade de Engenharia da

Universidade do Porto (FEUP) campus, modelling the institution’s buildings, rooms, and services

across ten representative interaction scenarios covering navigation and guidance, group manage-

ment, multi-floor elevator transit, obstacle recovery, safety-critical refusal, real-time information

retrieval, multi-turn conversational continuity, and multilingual interaction. Simulation was se-

lected as a methodological tool to enable controlled experimentation, rapid iteration, and sys-

tematic analysis of interaction behaviours across this range of scenarios prior to broader physi-

cal deployment. This simulated evaluation is complemented by two demonstrations conducted

on physical infrastructures: an autonomous telephony escalation mechanism, validated end-to-

end on a real telephone network, and a cross-environment validation at a second, independent

institutional facility, the Instituto de Engenharia de Sistemas e Computadores, Tecnologia e Ciên-

cia (INESC TEC)-IILab, conducted first in simulation and then extended to two physical robot

deployments on distinct robot platforms, used to assess whether the architecture generalises be-

yond the specific campus for which it was originally designed as well as different hardware.

The central architectural contribution of this dissertation is the design and integration of an

agentic conversational system. Rather than relying on scripted dialogue or single-pass language

model inference, the system employs a reasoning loop in which a primary LLM, referred to as the

Planner, iteratively selects actions from a defined set of tools and skills, observes their outcomes,

and refines its behaviour accordingly. This loop is governed by a secondary LLM acting as a

judge, the Safety Critic, which evaluates each proposed action prior to execution, detecting loops,

unsafe navigation targets, and misaligned tool selections. This dual-model architecture reflects

a deliberate design decision to separate the concerns of action generation and action evaluation,

thereby improving both reliability and safety without requiring a single model to perform both

functions simultaneously.
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The system’s tools include capabilities for web search, campus knowledge retrieval via a vec-

tor database, physical navigation via the Robotic Operating System 2 (ROS 2) middleware, and

human escalation via Voice over Internet Protocol (VoIP) communication. Higher-level behaviour,

such as multi-floor elevator transit, proactive landmark commentary, and emergency assistance, is

encapsulated as skills: pre-defined multi-step action sequences that the Planner may invoke as

atomic units. Retrieval-Augmented Generation (Retrieval-Augmented Generation (RAG)) is em-

ployed to ground the robot’s responses in verified, environment-specific knowledge, reducing the

risk of hallucination and improving factual reliability [31], and is organised around a knowledge

architecture that separates the initial acquisition of campus data from its ongoing maintenance,

allowing factual corrections to be applied without retraining or modifying the reasoning system.

The dissertation does not aim to propose new language models or learning algorithms; rather, it

investigates architectural strategies for deploying existing models in embodied, real-time human-

robot interaction scenarios [42]. Evaluation combines automated, judge-based, and human assess-

ment: a purpose-built Pygame-based scenario evaluator exercises each user story against defined

behavioural success criteria, an automated LLM-as-a-Judge layer assesses the contextual and con-

versational quality of the resulting responses, a general-population study gathers comparative hu-

man preference data across candidate model configurations, and a domain-expert evaluation with

FEUP InfoDesk staff assesses factual accuracy under real institutional query patterns. Ethical and

social considerations are discussed insofar as they inform interaction design, but a comprehensive

ethical analysis of social robotics lies beyond the scope of this dissertation [5].

1.4 Overview of Methods

This dissertation adopts a system design and implementation methodology grounded in iterative

development and integration of multiple interaction components. The methodological focus is on

architectural composition, interaction flow design, and the coordination of conversational intelli-

gence with expressive embodiment, rather than on the development of novel algorithms.

Figure 1.1 presents a high-level overview of the proposed host robot architecture, a more com-

plete architecture is presented in Figure A.1. The diagram illustrates the decomposition of the

system into major subsystems, including agentic conversational core, knowledge retrieval, expres-

sive output, and navigation-related components, as well as the interfaces between them. Central to

this architecture is the dual-LLM agentic loop, in which a primary Planner model proposes actions

and a secondary Safety Critic model evaluates them before execution, shown in Figure 1.2. This

separation of concerns represents the primary architectural contribution of this work.

To complement this structural perspective, Figure 1.3 depicts how conversational and execu-

tion processes operate concurrently and exchange information in real time. This diagram high-

lights the coordination between system components during a typical interaction cycle, including

speech processing, agentic planning, tool execution, navigation-related responses, and expressive

output. The sequence illustrates how the Planner and Critic interact within each reasoning itera-

tion, and how tool observations are fed back into the loop to inform subsequent decisions.
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Figure 1.1: High-level architecture of the host robot system, illustrating the main subsystems and
their interactions.

Figure 1.2: Dual-LLM agentic loop, illustrating the main components and the evaluation loop
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Figure 1.3: UML sequence diagram illustrating system interactions and temporal coordination
during an interaction cycle.

Within this overall architecture, the conversational pipeline developed in this work is detailed

in Figure 1.4. The pipeline depicts the sequence of processing stages from user speech input

to grounded, personality-aware, and expressive robot response. It integrates speech recognition,

language and intent interpretation via the agentic Planner, RAG-based knowledge retrieval, Critic-

gated action execution, and expressive output generation, providing a concrete operational view

of how conversational intelligence is realised in the system.
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Figure 1.4: Conversational architecture pipeline, from speech input and language detection
through the LLM decision agent, drawing on memory and tools/skills, to ROS 2 robot control
and Text-to-Speech (TTS) output.

Expressive embodiment is incorporated through synchronised verbal and non-verbal behaviours,

including LED animation driven by real-time audio intensity and emotion classification, with the

aim of enhancing perceived social presence and interaction naturalness [40]. These behaviours

are coordinated through a layered control approach that links high-level interaction intent with

time-sensitive expressive actuation, enabling coherent multimodal responses during interaction.

Design intent and expected user experience are further contextualised through the product vi-

sion board shown in Figure 1.5. This artefact summarises the system’s target users, interaction

needs, and value proposition, providing a design-oriented complement to the technical architec-

tural views presented earlier.
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Figure 1.5: Product vision board summarising the host robot’s target users, interaction needs,
proposed capabilities, and intended business outcomes within an academic campus context.

1.5 Research Questions

This dissertation is guided by three central investigative questions, which structure the implemen-

tation and evaluation presented in the following chapters:

RQ1 To what extent can an agentic architecture, in which a Planner plans and executes actions

whilst a Safety Critic evaluates their safety and appropriateness, support reliable and coher-

ent task completion in a host robot scenario?

RQ2 How effectively does RAG ground the robot’s responses in verified, environment-specific

knowledge, and does this measurably reduce conversationally inappropriate or factually in-

correct outputs?

RQ3 Is the dual-model Planner–Critic design a viable approach to autonomous action selection in

a public-facing robot, in terms of both behavioural correctness and the practical constraints

imposed by sequential inference latency?

These questions are investigated through the implementation and evaluation described in the

following chapters, and are revisited in the discussion and conclusion in light of observed system

behaviour across the defined test scenarios and evaluation strands.

1.6 Structure of the Dissertation

This dissertation is organised into an Introduction, four main chapters, and a Conclusion. Each

chapter builds on the previous ones to provide a coherent exploration of the design, implementa-

tion, and evaluation of a socially expressive host robot.

The Introduction (Chapter 1) presents the problem, motivation, scope, and methodological

overview of the study. It situates the work within the broader context of human-robot interaction
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and LLM applications in embodied social agents, highlighting the challenges and opportunities of

deploying conversationally capable host robots in academic environments.

Chapter 2, Literature Review, surveys existing research across six intersecting areas: social

robotics and host agents, spoken human–robot interaction, dialogue management and LLMs, agen-

tic LLM architectures, LLM-as-a-Judge evaluation paradigms, and knowledge grounding and hal-

lucination mitigation. It concludes by identifying the research gap that motivates the architectural

contributions of this dissertation.

Chapter 3, System Design, Implementation and Validation, describes the agentic conversa-

tional core, the knowledge and memory infrastructure, the navigation and event-handling integra-

tion, the speech and expressive embodiment pipeline, and the simulation-based evaluation frame-

work used to assess system behaviour.

Chapter 4, Results, presents the findings of the seven evaluation strands conducted in this

work: automated LLM-as-a-Judge assessment, general-population preference evaluation, expert

evaluation by FEUP InfoDesk staff, a cross-environment validation at INESC TEC spanning both

a simulated demonstration and physical deployment on two independent robot platforms and an

ablation study that isolates the contribution of the Critic and the RAG. It also presents a physical

demonstration of the autonomous VoIP escalation mechanism,

Chapter 5, Discussion, interprets and contextualises these findings, examining the evaluation

methodology, the model selection rationale, the architectural contributions of the dual-model loop

and the knowledge pipeline design, and the limitations of the work.

Finally, Chapter 6, Conclusion, answers the research questions in light of the evidence gath-

ered, summarises the key contributions of the dissertation, reflects on the implications for socially

expressive host robots, and outlines directions for future research in knowledge-grounded, LLM-

driven human–robot interaction.



Chapter 2

Literature Review

This chapter reviews the body of research that underpins the architectural decisions spanning social

robotics, spoken human–robot interaction, agentic language model architectures, and knowledge

grounding.

2.1 Initial Considerations

This chapter reviews and synthesises the body of research that informs the design of the host robot

system developed in this dissertation. It situates the present work within the intersecting fields

of social robotics, Human-Robot Interaction (HRI), spoken dialogue systems, agentic Artificial

Intelligence (AI) (described in Section 2.5), and embodied AI. Beyond surveying individual tech-

nologies, the chapter emphasises system-level considerations, including knowledge grounding,

hallucination mitigation, autonomous action selection, and runtime safety evaluation, that bear

directly on the architectural decisions described in Chapter 3.

The chapter is structured to mirror the layered design of the proposed system. Section 2.2 situ-

ates host robots within the broader social robotics literature and identifies the expectations gap that

motivates the need for conversationally capable systems. Section 2.3 examines the spoken interac-

tion pipeline and the failure modes that arise when robots cannot maintain natural conversational

dynamics. Section 2.4 traces the evolution from scripted dialogue management to LLM-driven

generation, establishing why LLMs are the appropriate foundation for a host robot’s conversa-

tional core. Section 2.5 reviews agentic LLM architectures, particularly ReAct and Toolformer,

which directly inform the Planner design, and identifies the failure modes that motivate the need

for a safety layer. Section 2.6 introduces the LLM-as-a-Judge paradigm and distinguishes be-

tween offline and online evaluation, establishing the theoretical basis for the online Safety Critic

implemented in this work. Section 2.7 covers RAG and tool-based grounding, which underpin

the system’s knowledge access mechanism. Section 2.8 reviews expressive embodiment and so-

cial presence, motivating the LED-based facial animation design. Section 2.9 examines layered

system architectures and simulation-based evaluation methodologies. The chapter concludes in

Section 2.11 by identifying the gap in the literature that this dissertation addresses.

11
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2.2 Social Robots and Host Agents in Human-Centred Environments

Social robots are designed to interact with humans through socially meaningful behaviour, ad-

hering to communicative norms, contextual expectations, and interaction conventions [12, 38].

Unlike industrial robots, which are primarily evaluated through efficiency, precision, and repeata-

bility, social robots are assessed using user-centred criteria such as perceived sociability, trust-

worthiness, intelligibility, and acceptance [7, 41]. These criteria are inherently subjective and

context-dependent, making the evaluation and design of social robots particularly challenging.

Within this broader category, host robots represent a distinct class of social robots deployed in

public-facing roles. Their primary responsibilities include welcoming users, answering questions,

providing directions, and facilitating navigation within complex indoor environments such as uni-

versities, museums, hospitals, and corporate buildings [33, 58]. In these contexts, host robots often

function as institutional representatives, implicitly compared to human receptionists or informa-

tion desk staff. As a result, their behaviour directly influences users’ perceptions of both the robot

itself and the organisation it represents [16].

Concrete examples trace this evolution. One of the earliest was the Roboceptionist, devel-

oped at Carnegie Mellon University, which autonomously greeted visitors, answered frequently

asked questions, and provided directions through predefined conversational rules, demonstrating

that autonomous reception was feasible outside controlled laboratory conditions, albeit without

open-domain dialogue [29]. Subsequent research shifted emphasis towards modularity: DEVI, an

open-source Robotic Operating System (ROS)-based platform, integrated face recognition, speech

interaction, and gesture-based direction pointing within a research-oriented architecture designed

for extensibility [24]. Commercial platforms such as Pepper and Temi subsequently demonstrated

the viability of autonomous navigation and multimodal interaction at scale across hotels, muse-

ums, and healthcare environments, though both remained largely dependent on scripted dialogue

or limited cloud-based conversational services [19, 36]. Most recently, EMAH, an LLM-powered

host robot built on the Ameca humanoid platform and combining a fine-tuned language model

with RAG, extended this line of work towards open-domain, sustained multi-session interaction

with university students [35], discussed further below.

Empirical research consistently highlights the importance of physical embodiment in such sce-

narios. Embodied robots are more effective than screen-based or purely virtual agents at attracting

attention, supporting spatial referencing, and encouraging user engagement [40]. However, em-

bodiment also introduces a significant design challenge: human-like appearance, fluent speech, or

expressive behaviour can lead users to overestimate a robot’s cognitive and conversational capa-

bilities. When these expectations are not met, users may experience frustration, disappointment,

or distrust [14, 28]. This phenomenon is commonly referred to as the expectations gap in HRI.

The expectations gap is particularly problematic for host robots, whose interactions are typi-

cally brief, goal-oriented, and time-sensitive. In such contexts, even minor conversational errors

or delays can disproportionately affect user satisfaction and perceived competence [16]. A multi-

session study of an LLM-powered humanoid robot deployed with university students found that
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perceptions of sociability and engagement remained stable across repeated interactions, but ob-

served a mid-study drop in conversation length coinciding with slower response generation, un-

derscoring that technical robustness and conversational quality remain tightly coupled even once

initial novelty has worn off [35]. Addressing the expectations gap requires not only robust tech-

nical solutions but also careful interaction design that balances expressiveness, transparency, and

reliability.

2.3 Spoken Human-Robot Interaction and Conversational Dynamics

Spoken language is widely regarded as the most natural and intuitive modality for interaction

with service and host robots, enabling hands-free communication that closely resembles every-

day human-human interaction [56]. Consequently, spoken HRI has been a central research focus

within social robotics for several years.

Most speech-based robotic systems follow a modular interaction pipeline (Figure 2.1) consist-

ing of Speech-to-Text (STT), Natural Language Understanding (NLU), dialogue management, and

TTS components [50]. Advances in deep learning have significantly improved the performance of

both STT and TTS, enabling more accurate recognition and more natural-sounding synthesis even

in noisy public environments [44, 51]. Nevertheless, interaction quality depends on more than

raw recognition accuracy: temporal dynamics such as response latency, turn-taking behaviour and

interruption handling play a critical role in perceived conversational competence.

Figure 2.1: Canonical spoken human-robot interaction pipeline. User speech is captured and tran-
scribed through Speech-to-Text (STT), interpreted by a combined Natural Language Understand-
ing (NLU) and Dialogue Management module informed by external knowledge and grounding
sources, and rendered as spoken output via Text-to-Speech (TTS). A non-linguistic speech timing
signal provides turn-completion feedback to support conversational coordination.
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2.3.1 Conversational Breakdowns

Turn-taking is a foundational aspect of human conversation. Humans rely on a rich combination

of linguistic, prosodic, and non-verbal cues to coordinate speaking turns with minimal delay [30].

Robotic systems, by contrast, often rely on silence thresholds or explicit end-of-utterance detec-

tion, which can result in awkward pauses, premature interruptions, or overlapping speech. Studies

indicate that response delays exceeding a few hundred milliseconds can negatively impact per-

ceived naturalness and competence, even when the content of the response is correct [50]. This

sensitivity to waiting is not unique to robotic systems: classic research on the psychology of wait-

ing in service settings shows that the perceived duration and acceptability of a wait is shaped as

much by the quality of the surrounding service experience as by its objective length [34], a finding

with direct bearing on how response latency should be interpreted in conversational HRI.

Conversational breakdowns occur when a robot misinterprets user input, produces irrelevant

or repetitive responses, or fails to respond appropriately to user intent [49]. In host robot scenarios,

such breakdowns are particularly damaging because users typically expect fast, accurate assistance

comparable to that provided by human staff. Research suggests that explicit acknowledgement of

errors, clarification requests, and collaborative repair strategies can mitigate the negative impact

of breakdowns by framing interaction failures as shared challenges rather than system deficiencies

[6].

2.4 Dialogue Management and the Emergence of Large Language
Models

Dialogue management governs the high-level control of conversational interaction, determining

how a system responds based on user input, dialogue history, and contextual information [53].

Early robotic dialogue systems relied primarily on scripted or finite-state approaches, in which

interactions followed predefined conversational paths [56]. While these systems offer predictabil-

ity and robustness for narrow tasks, they lack flexibility and tend to fail when users deviate from

expected interaction patterns.

Data-driven and neural dialogue systems introduced greater linguistic variability by learn-

ing response patterns from large conversational datasets [46]. Although these approaches im-

proved surface-level fluency, they often struggled with long-term coherence, domain adaptation,

and grounding in environment-specific knowledge, limiting their suitability for real-world robotic

interaction.

The recent emergence of Large Language Models (LLMs) has fundamentally altered the land-

scape of dialogue management. LLMs exhibit strong zero-shot and few-shot learning capabilities,

allowing systems to handle unanticipated queries without explicit task-specific training [8]. Their

ability to maintain conversational context and generate coherent, context-aware responses makes

them particularly attractive for host robot applications, where interaction topics and user intentions
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are highly variable [42]. Table 2.1 summarises the key conceptual distinctions between traditional

rule-based dialogue management and LLM-driven generation.

Table 2.1: Conceptual comparison between traditional rule-based dialogue management and
LLM-driven dialogue generation [10].

Rule-Based Dialogue Management LLM-driven Dialogue Generation

Predictable Data-Driven
Transparent Adaptive
Limited Flexibility Handles unanticipated queries
Deterministic Probabilistic
Explicit Rules Implicit Reasoning / Context-Aware

Recent work has explored the integration of LLMs into robotic systems as high-level reasoning

components. Frameworks such as SayCan combine language-based reasoning with affordance

models to assess whether proposed actions are physically executable [1]. The Inner Monologue

framework extends this concept by incorporating feedback from the environment, enabling robots

to reason about failure and replan during task execution [20]. While these approaches demonstrate

the promise of LLMs as cognitive controllers for embodied agents, they also reveal significant

challenges related to latency, safety, and reliability.

2.5 Agentic LLM Architectures for Embodied Systems

The term agentic, as used in the artificial intelligence literature, denotes a system in which a lan-

guage model functions not as a passive responder but as an autonomous decision-making agent:

one that perceives the state of its environment, reasons about which action to take in pursuit of a

goal, executes that action through an external tool or interface, and incorporates the resulting ob-

servation into subsequent decisions [45, 57]. This stands in contrast to single-pass conversational

use of an LLM, where the model produces one response to one input and has no mechanism for

acting on the world, observing the consequences, or revising its course given new information.

Agency, in this sense, is constituted by the closed loop of perception, reasoning, action, and ob-

servation, repeated iteratively until the goal is achieved or abandoned, rather than by any single

architectural component in isolation.

A significant shift in the application of LLMs to robotic and interactive systems has been the

emergence of agentic architectures, in which a language model acts not merely as a text generator

but as a decision-making engine that selects, sequences, and executes actions in pursuit of a goal.

This class of system is characterised by an iterative reasoning loop: the model observes the cur-

rent state of the environment, proposes an action, executes it through a tool or external interface,

observes the outcome, and uses this observation to inform the next decision [57].

The ReAct framework [57] is a foundational example of this approach. ReAct interleaves

reasoning traces, natural language chains of thought, with concrete actions, enabling the model to

plan, adapt to intermediate results, and recover from errors in a manner that more closely resembles
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deliberate human problem-solving. In the context of a host robot, this is directly relevant: rather

than producing a single response to a user query, the system can reason about which campus

location is relevant, retrieve its coordinates, check for navigation conflicts, and initiate movement,

all within a single coherent reasoning loop.

Complementary to ReAct is the line of work on tool-using language models. Toolformer [45]

demonstrated that LLMs can learn to invoke external Application Programming Interface (API)s,

for web search, calendar lookup, or calculation, by embedding tool calls within generated text.

This self-directed tool use removes the need for explicit orchestration logic and enables the model

to autonomously determine when external information is necessary. In robotic applications, this

capability supports a transition from conversational agents to functionally grounded assistants

capable of acting on both digital and physical environments, a transition that is central to the

architecture described in this dissertation.

Agentic systems also introduce new challenges that do not arise in single-pass inference. With-

out safeguards, an LLM-based planner may enter repetitive loops, invoke inappropriate tools, gen-

erate navigation targets that do not correspond to real locations, or escalate to irreversible actions

prematurely. These failure modes are not hypothetical: the Reflexion framework documents re-

peated, unproductive trial-and-error behaviour in agentic task-solving benchmarks when no exter-

nal correction mechanism is present [47]. Managing these risks in a physically embodied system,

where an incorrect navigation command may displace the robot into an unsafe area or mislead a

visitor, demands additional architectural safeguards beyond prompt engineering alone.

The Reflexion framework [47] proposes one approach to agent self-improvement: rather than

modifying model weights, the agent generates verbal reflections on past failures and incorporates

them into future reasoning. Whilst Reflexion operates across episodes, the agent improves over

multiple separate attempts, the underlying principle of using language-based self-evaluation to

constrain future behaviour is closely related to the runtime safety mechanism employed in this

dissertation, where a secondary model evaluates each proposed action before it is executed.

2.6 LLM-as-a-Judge: Offline and Online Evaluation

A growing body of research has explored the use of LLMs not as generators of content but as eval-

uators of content, assessing the quality, safety, or appropriateness of outputs produced by other

models or by the same model. This paradigm is referred to as LLM-as-a-Judge [59]. Its core mo-

tivation is practical: human evaluation of generated text is expensive, slow, and difficult to scale,

whereas a capable language model can assess a large number of outputs rapidly, consistently, and

at low cost. Studies have shown that strong LLMs, particularly those with instruction-following

capabilities, can achieve evaluator agreement with human raters at levels comparable to inter-

annotator agreement among humans [59].

LLM-as-a-Judge applications fall into two broad categories that differ fundamentally in when

and how evaluation occurs: offline evaluation and online evaluation.
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2.6.1 Offline LLM-as-a-Judge

In offline evaluation, the judge model operates after the fact: it receives a completed output, a re-

sponse, a plan, a generated document, and produces a score or critique. This is the predominant us-

age in the literature, where LLM judges are employed as automated benchmarking tools to assess

the quality of other models’ outputs on dialogue datasets, summarisation tasks, or instruction-

following benchmarks [11, 59]. The judge has no influence on the system being evaluated, it

observes the outcome of a completed action and provides retrospective feedback. Offline judges

are well suited to batch evaluation, model comparison, and dataset annotation, but they cannot

intervene in a running system.

2.6.2 Online LLM-as-a-Judge

Online evaluation, by contrast, places the judge model inside the execution loop of the system it

is evaluating. Rather than assessing a completed output after the fact, the online judge intercepts

proposed actions before they are executed, evaluates their safety and appropriateness in context,

and either approves them for execution or rejects them with a reasoned explanation. This design

pattern is structurally equivalent to a gatekeeper or safety layer that operates in real time, making

it particularly relevant for agentic systems where individual actions may have irreversible physical

or conversational consequences.

The concept of using a second model to evaluate the outputs of a first before acting on them

draws on earlier work in Constitutional AI [3], in which a model critiques and revises its own

outputs according to a set of principles. The key distinction in the online judge paradigm is that

evaluation and generation are separated into two distinct models operating within the same execu-

tion cycle, rather than a single model performing self-critique. This separation reduces the risk of

the generator model ignoring or rationalising away its own unsafe proposals, as the evaluator has

no stake in the generation outcome and applies its criteria independently.

2.6.3 Automated LLM Evaluation Frameworks

A complementary strand of the LLM-as-a-Judge literature has produced purpose-built evaluation

frameworks that systematise the assessment of LLM-powered applications by exposing reusable,

standardised metrics backed by configurable judge models. DeepEval [2] is a prominent open-

source representative of this class: a Python evaluation library that provides a modular battery

of metrics covering answer relevancy, faithfulness to retrieved context, hallucination detection,

contextual precision and recall, and customisable goal-oriented evaluation via its GEval and

ConversationalGEval interfaces [2].

What distinguishes framework-level evaluation from ad hoc judge prompts is reproducibility

and composability. Each metric is defined once as a self-contained class, parameterised by a

threshold and a judge model, and applied uniformly across every test case in a suite. This design

yields quantitative, per-response scores alongside natural language failure reasons, producing an
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Figure 2.2: Structural comparison between Offline and Online LLM-as-a-Judge evaluation
paradigms. While the offline approach assesses outputs retrospectively after environment exe-
cution, the online architecture intercepts proposed plans in real time, routing rejected actions back
to the Planner for alternative generation.
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audit trail that supports regression testing across model versions without requiring manual re-

scoring [2].

Internally, DeepEval adopts the LLM-as-a-Judge paradigm described in Section 2.6: each met-

ric delegates its scoring decision to a configurable judge model, which evaluates the system output

against the input, optional expected output, and any retrieved context supplied by the caller. The

judge model is a pluggable component. Whilst DeepEval’s default configuration delegates to a

proprietary API, the framework exposes a DeepEvalBaseLLM abstract class that allows any in-

ference backend to be substituted, including locally deployed models or third-party inference APIs

such as the Hugging Face Inference API [21]. This extensibility is directly relevant to research

settings in which proprietary judge dependencies are undesirable or cost-prohibitive.

DeepEval draws a principled architectural distinction between single-turn and multi-turn eval-

uation that is directly relevant to conversational robotic systems. In the single-turn paradigm,

each robot utterance is evaluated independently against its immediate triggering context, produc-

ing a per-response score without reference to the broader conversational session. The GEval

metric [32] operationalises this mode: it accepts a free-text criteria description from which it con-

structs a chain-of-thought evaluation prompt at runtime, allowing an evaluator to encode domain

knowledge directly into the metric definition. Studies validating GEval against human annotator

judgements report Spearman correlations above 0.8 on conversational and summarisation bench-

marks when a capable judge model is used [32], suggesting that criteria-driven evaluation can

approach human-level inter-annotator agreement for well-specified rubrics.

The multi-turn paradigm operates on a complete interaction session rather than on individual

utterances. The judge receives the full turn sequence together with a scenario description, a

chatbot_role definition, and an expected_outcome statement, and evaluates the conver-

sation as a coherent whole. This holistic perspective is essential for properties that cannot be

assessed utterance by utterance: conversational coherence across turns, appropriate recall of in-

formation disclosed earlier in the session (such as a user’s name), and whether the overall session

achieves its intended goal. For a social host robot that maintains context across a sequence of

navigation events, these session-level properties are at least as important as the appropriateness of

any individual utterance.

The complementarity between the two paradigms is methodologically significant. Single-

turn evaluation provides high-resolution, per-utterance diagnostics that pinpoint which specific

responses fail to meet quality thresholds, multi-turn evaluation assesses whether the robot’s be-

haviour is coherent and goal-directed across the full interaction arc. Used together, they constitute

a two-resolution evaluation framework: the single-turn pass identifies individual response fail-

ures, and the multi-turn pass determines whether those failures are isolated or symptomatic of

deeper conversational degradation. This dual-resolution design is adopted in this dissertation and

described in detail in Chapter 3.

For agentic systems in particular, this dual-resolution approach addresses a structural weakness

of binary assertion testing. Keyword matching determines whether a required token appears in the

output but is insensitive to phrasing variation, contextual coherence, and qualitative fitness for
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purpose. A response that contains the keyword arrived but is otherwise incoherent passes a

keyword assertion and fails a human reader, a response that conveys arrival naturally but uses a

synonym fails the assertion and satisfies the reader. Both GEval and ConversationalGEval

capture this qualitative dimension by instructing the judge to reason over utterances in context,

making them complementary rather than competing measures of system quality.

2.7 Knowledge Grounding and Hallucination Mitigation

Despite their conversational strengths, LLMs are prone to generating ungrounded or factually

incorrect responses, commonly referred to as hallucinations [23]. In host robot contexts, hallu-

cinations concerning locations, services, or institutional procedures are unacceptable, as they can

mislead users and undermine trust.

Knowledge grounding seeks to constrain language generation using reliable external informa-

tion sources [17]. Grounded dialogue systems may rely on symbolic knowledge bases, structured

databases, semantic maps, or hybrid approaches that combine symbolic representations with neu-

ral language generation [27]. The aforementioned hybrid approaches are particularly well suited

to institutional environments, where reliable information such as directories, schedules, and maps

is readily available and relatively stable.

Retrieval-Augmented Generation (RAG) has emerged as a prominent grounding strategy for

LLM-based systems. RAG architectures retrieve relevant documents or knowledge fragments at

inference time and incorporate them into the model’s input, effectively transforming generation

into an open-book process [31], as shown in Figure 2.3. This approach significantly reduces

hallucinations while enabling domain adaptation without retraining the underlying model.

Figure 2.3: Retrieval-Augmented Generation (RAG) architecture: inferred context is retrieved
from external sources and supplied to the LLM to produce more accurate, grounded responses.
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Beyond document retrieval, LLM-driven agents increasingly rely on tool-based grounding, in-

voking APIs or external services to verify information or perform actions before responding [52].

In robotic systems, this capability supports a transition from purely conversational agents to func-

tionally grounded assistants capable of interacting with both digital and physical environments,

an idea that this dissertation extends beyond information retrieval to encompass human escala-

tion via autonomous telephony, a capability not addressed in the reviewed grounding and tool-use

literature.

2.8 Expressive Embodiment and Social Presence

As shown in Figure 2.4, expressive embodiment plays a central role in shaping user perceptions

of social robots. Human communication is inherently multimodal, relying on facial expression,

gaze behaviour, head movement, and timing to convey attention, intent, and affect [9]. In em-

bodied robots, these non-verbal cues significantly influence perceived social presence, trust, and

engagement [7].

Research in HRI demonstrates that synchronised verbal and non-verbal behaviours enhance

interaction naturalness, while mismatches between modalities can lead to expressive incoherence

and reduced believability [40]. For host robots, behaviours such as gaze orientation, supporting

turn-taking, and subtle facial animation to signal attentiveness contribute to smoother conversa-

tional flow.

Figure 2.4: Levels of embodied emotional expressiveness [60]. [BO] Body Only: emotions con-
veyed via posture and movement with a neutral face. [FO] Face Only: emotions displayed via
facial expressions with a neutral body. [FB] Face and Body: integrated and congruent facial and
bodily cues.

Achieving coherent expressive behaviour requires precise temporal coordination between

speech generation and motor control. This coordination is particularly challenging in systems
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that integrate high-latency language models with real-time expressive actuation, motivating ar-

chitectural solutions that decouple cognitive reasoning from time-critical control processes. In

the system described in this dissertation, LED-based facial animation is driven by the emotion

expressed (through colour) and the real-time audio amplitude envelope extracted during speech

synthesis, enabling the robot’s expressive output to reflect the energy of its spoken utterance with-

out introducing additional inference latency.

2.9 System Architectures and Simulation-Based Evaluation

To support socially expressive interaction, host robots typically adopt modular and layered system

architectures that separate high-level reasoning from real-time execution [42]. Cognitive layers

manage dialogue and knowledge reasoning, while lower layers handle speech synthesis, anima-

tion, and actuation. This separation of concerns enhances robustness and enables time-critical

components to operate independently of computationally expensive reasoning processes.

Integrating these layers in real time presents substantial challenges. Asynchronous processing,

concurrency control, and interruption handling are required to support natural conversational phe-

nomena such as turn-taking and user interruption without degrading interaction quality. Agentic

architectures compound these challenges: each iteration of the planning loop introduces additional

latency proportional to the number of model inference calls, making the management of sequential

LLM calls a critical design consideration for real-time interaction. Beyond the conversational and

reasoning layers, host robots deployed outdoors or across multi-floor buildings must also coor-

dinate socially aware navigation behaviour, maintaining appropriate distance and pace relative to

accompanying users, a requirement surveyed extensively in the socially aware navigation literature

[48].

2.9.1 Simulation

Simulation has become an increasingly important methodological tool for developing and evalu-

ating social robotic systems. It enables rapid prototyping, controlled experimentation, and safe

testing of interaction scenarios that may be impractical or risky to evaluate with physical robots.

Although the reality gap limits the direct transferability of some findings, simulation is widely ac-

cepted for evaluating system architecture, dialogue behaviour, and interaction flow, provided that

conclusions are appropriately scoped [22, 26].

For agentic robotic systems in particular, simulation offers an important advantage: it enables

systematic coverage of failure modes, such as obstacle encounters, elevator edge cases, and naviga-

tion replanning, that would be difficult to reproduce reliably in a physical deployment. By scripting

specific environmental events and asserting expected system responses, simulation-based evalua-

tion can verify that the agentic loop, the Critic’s rejection logic, and the skill execution pipeline

behave correctly across a defined set of scenarios, providing a structured basis for the evaluation

presented in this dissertation.
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2.10 State-of-the-Art Comparison

This section situates the present work within the landscape of both host robot platforms and agen-

tic LLM frameworks reviewed in this chapter, comparing the proposed architecture against each

population of systems on the dimensions most relevant to it.

2.10.1 Host Robot Platforms

Table 2.2 compares the proposed architecture against the representative host robot systems in-

troduced in Section 2.2, Roboceptionist, DEVI, Pepper, Temi, and EMAH, structured around

six dimensions: physical embodiment, the use of an LLM for dialogue generation, RAG-based

knowledge grounding, agentic planning, runtime safety evaluation, and autonomous tool use. As

the table shows, no reviewed host robot system combines all six properties: existing platforms

either prioritise reliable, predictable interaction at the cost of conversational flexibility (Robocep-

tionist, DEVI), or introduce LLM-driven dialogue without the agentic reasoning, evaluation, and

action-execution capabilities required for autonomous task completion (EMAH).

Table 2.2: Comparison of representative host robot systems and the proposed architecture.

System Embodied LLM RAG Agentic Safety Tools

Roboceptionist [29] ✓ × × × × ×
DEVI [24] ✓ × × × × Partial
Pepper [36] ✓ Partial × × × Partial
Temi [19] ✓ Partial × × × ✓
EMAH [35] ✓ ✓ ✓ × × ×

This work ✓ ✓ ✓ ✓ ✓ ✓

2.10.2 Agentic LLM Frameworks

Beyond host robot platforms specifically, Table 2.3 situates the present work within the broader

landscape of agentic LLM frameworks and evaluation paradigms reviewed in this chapter. The

comparison is structured around five dimensions that are central to the research questions: whether

the system operates on a physically embodied platform, whether it employs an agentic reasoning

loop, whether it uses real-time (online) safety evaluation of proposed actions, whether responses

are grounded in domain-specific knowledge, and whether the system supports multilingual in-

teraction. This comparison makes concrete the research gap identified in Section 2.11: no prior

work combines all five properties within a unified, real-time architecture. The recently reported

LLM-powered university host robot of Mauliana et al. [35], already introduced in Section 2.10.1

as EMAH, is included here as the closest comparator in deployment context, an embodied, LLM-

driven agent operating with real university students, yet it relies on a single compact open-source

model for dialogue generation with no agentic tool use, no independent safety evaluation layer,

and no knowledge-grounding mechanism beyond the model’s parametric memory.
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Table 2.3: Comparison of related systems and frameworks against the five dimensions central to
this dissertation. ✓ = fully supported; × = not supported; Partial / Offline = partially or retrospec-
tively supported.

System Embodied Agentic
Loop

Online
Judge

Knowledge
Grounding Multilingual

SayCan [1] ✓ ✓ × × ×
Inner Monologue [20] ✓ ✓ × × ×
ReAct [57] × ✓ × Partial ×
Toolformer [45] × ✓ × × ×
Reflexion [47] × ✓ Offline × ×
Constitutional AI [3] × × Offline × ×
University Host Robot [35] ✓ × × × ×

This work ✓ ✓ ✓ ✓ ✓

2.11 Summary and Research Gap

The literature reviewed in this chapter demonstrates that socially expressive host robots require

flexible dialogue capabilities, reliable knowledge grounding and coherent expressive embodiment

to meet user expectations in human-centred environments. While LLMs offer unprecedented con-

versational flexibility, they introduce challenges related to hallucination, latency, and integration

with real-time embodied systems. The emergence of agentic LLM architectures further extends

these capabilities, enabling goal-directed behaviour, tool use, and dynamic replanning, but si-

multaneously introduces new failure modes, including looping, unsafe action selection, and mis-

aligned tool use, that require dedicated mitigation strategies.

Existing research has largely addressed dialogue management, grounding, embodiment, and

agent evaluation in isolation. The use of LLMs as online judges, embedded within an agentic ex-

ecution loop to evaluate proposed actions before they occur, remains underexplored in the context

of physically embodied social robots. Furthermore, no reviewed work extends an agentic robot’s

action repertoire to autonomous human escalation through real telephony, a gap made concrete in

Table 2.3, where no compared system addresses what happens when a robot’s autonomous capa-

bilities are genuinely exhausted. As Table 2.2 further shows, this gap holds even among systems

specifically designed as host robots: existing platforms combine at most embodiment, LLM-driven

dialogue, and knowledge grounding, but none additionally provides agentic planning or runtime

safety evaluation. There remains a lack of system-level studies examining how LLM-driven agen-

tic dialogue, retrieval-based grounding, runtime safety evaluation, and expressive embodiment can

be integrated and assessed within a unified architecture operating in a real-time interaction context.

This dissertation addresses this gap by proposing and evaluating an integrated host robot ar-

chitecture in which a Planner LLM drives goal-directed behaviour through iterative tool and skill

selection, an online Safety Critic LLM evaluates each proposed action prior to execution, and RAG

constrains responses to verified campus knowledge. The three investigative questions introduced

in Chapter 1, concerning the reliability of the agentic architecture, the effectiveness of RAG-based

grounding, and the viability of the dual-model Planner-Critic design under real-time constraints,
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are examined through simulation-based and physical evaluation in the following chapters.



Chapter 3

System Design, Implementation and
Validation

This chapter describes the design and implementation of the agentic host robot system developed

in this dissertation. It begins by establishing the operational context and the methodological ap-

proach adopted, before presenting the system architecture and the implementation of each major

component. The chapter is organised to follow the flow of information through the system: from

the high-level architectural decomposition, through the agentic reasoning core and its tool and

skill repertoire, to the knowledge and memory infrastructure that grounds the Planner’s decisions.

It then describes the runtime integration with the physical navigation system, the speech and ex-

pressive embodiment pipeline, and concludes with the simulation and evaluation framework used

to assess system behaviour.

3.1 Case Study and Operational Context

The system is designed to operate as a front-facing host robot within FEUP, a large multi-building

academic campus with a complex spatial layout, a multilingual population, and diverse daily ac-

tivities. The robot’s primary role is to receive visitors at campus entry points, respond to spoken

requests for directions and information, and escort or guide users to their intended destinations.

The target user population encompasses Very Important Person (VIP) visitors, prospective

students, international guests, conference attendees, and members of the general public who are

unfamiliar with the campus. These users may communicate in multiple languages, may have

varying levels of technological familiarity, and arrive with different levels of urgency. The system

is consequently designed to adapt its conversational register, language, and level of detail to the

context of each interaction, whilst maintaining a consistent, welcoming institutional persona.

The operational scenarios addressed by this work are defined by the ten evaluation user stories

described in Section 3.8. Together, these stories span the range of situations the robot must handle

in practice. Rather than prescribing a single fixed route, the scenarios exercise the system across

the full campus geography, reflecting the open-ended nature of real visitor interactions.

26



3.2 Methodological Approach 27

3.2 Methodological Approach

The methodology adopted in this dissertation is one of system design and iterative implementa-

tion. Rather than proposing new machine learning algorithms or training new models, the work

investigates how existing LLM capabilities can be composed, constrained, and coordinated within

an architectural framework suited to real-time embodied interaction. The primary research con-

tribution is therefore architectural: the design of a dual-model agentic loop with an integrated

safety evaluation layer, grounded in domain-specific knowledge and coordinated with physical

expressive output.

Each major architectural choice responds directly to a gap or challenge identified in the lit-

erature reviewed in Chapter 2. The iterative Planner–Critic reasoning loop addresses the failure

modes documented in agentic LLM deployments (Section 2.5), specifically looping behaviour, in-

valid action selection, and premature escalation, which prompt engineering alone has been shown

to be insufficient to prevent. The online Safety Critic instantiates the online LLM-as-a-Judge

paradigm (Section 2.6), separating evaluation from generation to avoid the self-rationalisation

risk of single-model self-critique approaches. The RAG mechanism and hybrid FAISS retrieval

directly respond to the hallucination problem discussed in Section 2.7, grounding the Planner’s

responses in verified campus knowledge rather than parametric memory. The decoupling of the

expressive Light-emitting Diode (LED) layer from the inference pipeline addresses the temporal

coordination challenge raised in Section 2.8, ensuring that high-latency LLM calls do not block

real-time expressive actuation. Together, these choices constitute a system-level response to the

research gap articulated in Section 2.11.

Development proceeded in three broad phases. In the first phase, the conversational pipeline,

knowledge base, and tool infrastructure were implemented and validated in isolation, using a

text-based graphical interface that enabled rapid iteration without the overhead of physical robot

deployment. In the second phase, navigation integration, elevator transit logic, group management,

and failure-handling behaviours were implemented and connected to the agentic loop through

the ROS 2 middleware. In the third phase, the complete system was evaluated through a set of

predefined user-story scenarios executed in the Pygame-based simulator described in Section 3.8.

3.3 High-Level System Architecture

The host robot intelligence layer system is decomposed into four major subsystems: the agentic

conversational core, the knowledge and memory, the expressive speech and embodiment, and the

navigation interface. These subsystems communicate through a combination of direct Python

method calls within the same process and ROS 2 topic messages for cross-process or hardware-

interfacing communication. This hybrid integration strategy allows time-critical components, such

as expressive LED animation and navigation commands, to operate asynchronously, without being

blocked by the latency of LLM inference.
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Figure 3.1: High-level decomposition of the host robot intelligence layer.

The agentic conversational core is the central intelligence of the system. It receives transcribed

user speech, manages the dialogue history, drives the iterative Planner–Critic reasoning loop, and

produces both the spoken response and the navigation or action commands that accompany it. All

other subsystems are subordinate to this core: they provide information or execute actions on its

behalf, but do not independently initiate or terminate interactions.

The choice to use ROS 2 as the middleware layer reflects the system’s intended deployment

context. ROS 2 provides a well-established, hardware-agnostic communication framework that

the collaborating navigation team already uses for the physical robot platform. By publishing and

subscribing to ROS 2 topics, the conversational system can send navigation goals, receive location

telemetry, trigger hardware outputs such as the horn or the LED face, and be notified of navigation

events, all without coupling its implementation to specific hardware drivers. Tables B.1 and B.2

summarise the primary ROS 2 topics used by the system.

3.4 Agentic Conversational Core

The agentic conversational core orchestrates the system’s primary interaction loop. It receives a

user utterance, constructs a complete reasoning context, executes the Planner–Critic loop itera-

tively until the Planner elects to respond directly to the user, and then produces the spoken and

action outputs. This section describes each stage of this process, including the tools and skills that

the Planner may invoke, and the model selection rationale for both the Planner and the Critic.
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3.4.1 Input Processing and Context Construction

Each user utterance undergoes a sequence of pre-processing steps before being passed to the Plan-

ner. First, the text is sanitised to remove personally identifiable information, email addresses,

phone numbers, and long numeric sequences, using regular expression substitution. Second, the

language of the utterance is identified using a lightweight classifier, enabling the system to respond

in the same language as the user via a dedicated translation mechanism.

Before the full agentic reasoning loop is initiated, the system issues an immediate spoken ac-

knowledgement to the user: “Let me think about that for a moment”, translated into the detected

interaction language. This brief phrase is produced synchronously, before any LLM inference call

is made, ensuring that the user receives auditory feedback within a fraction of a second of com-

pleting their utterance. The acknowledgement serves to bridge the perceptible latency introduced

by the dual-phase reasoning loop: without it, the silence between the end of the user’s speech

and the robot’s substantive reply would be several seconds long, which studies of conversational

dynamics indicate is sufficient to impair perceived competence and naturalness.

Once pre-processing of the user utterance is complete, a structured context is assembled for

the Planner. The system prompt encodes the robot’s current physical location (building, floor,

room), the active goal stack, the robot’s personality and interaction guidelines, the complete list of

available tools and skills, and a set of hard physical safety constraints loaded from an external con-

figuration file. The current navigation target and the user’s sanitised utterance are injected as the

user-role message, together with any background contextual observations queued during prior nav-

igation. The session’s conversation history, trimmed to the most recent three turns, is prepended to

provide short-term dialogue continuity. This window size was selected empirically: preliminary

trials with longer windows produced no measurable improvement in response coherence, while

increasing prompt length and latency, so three turns was retained as the smallest window that

preserved short-term continuity.

The complete input processing is described in algorithm 1.

Algorithm 1 Input Processing and Context Construction

Require: User utterance u, session history H, session memory M, goal stack G, background
context queue Q

Ensure: Structured Planner context C
1: u← SANITISE(u) ▷ remove PII, emails, phone numbers, long digit sequences
2: ℓ← DETECTLANGUAGE(u)
3: Speak “Let me think about that for a moment” translated to ℓ ▷ synchronous, pre-inference
4: sys←{location, G, tool/skill schemas, safety rules, personality}
5: usr←{location, current destination, u, Q}
6: H← H[−M :] ▷ keep last three turns
7: C← (sys, H, usr)
8: return C
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3.4.2 The Planner–Critic Reasoning Loop

The core agentic mechanism is a two-phase iterative reasoning loop, described in 2, in which

the Planner LLM produces structured multi-step plans that are either executed immediately for

information gathering or submitted to the Safety Critic for approval before physical execution.

The overall structure of this loop is illustrated in Figure 3.2.

Figure 3.2: Internal structure of the Planner–Critic reasoning loop, from Planner inference to
Safety Critic evaluation, and tool or skill execution.

In each iteration, the Planner receives the full context described above, together with any

accumulated observations from prior iterations, and produces a JavaScript Object Notation (JSON)

object containing a plan_type field and an ordered list of steps. Each step specifies a tool or

skill name, its arguments, and a natural language rationale. The Planner must choose between two

plan types: draft and final.

A draft plan is an information-gathering phase restricted exclusively to cognitive tools that

carry no physical consequences: search_memory, search_web, check_daily_events,

and get_robot_status. Draft steps are executed immediately and without Critic evaluation;

the resulting observations are appended to the conversation history and returned to the Planner,

which then produces a revised draft or advances to a final plan. This phase allows the Planner to

resolve ambiguities, retrieve location data, and confirm facts before committing to any physical

action.

A final plan contains the actions to be physically executed and is forbidden from including

information-retrieval tools. Before any step in a final plan is executed, the entire plan is submit-

ted to the Safety Critic for evaluation. The Critic inspects each step sequentially and returns a

structured verdict containing an approved boolean and a natural language reason. For steps that

propose a speak action, an additional fact-checking stage is applied prior to Critic evaluation:
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the proposed utterance is verified against the observations gathered during the draft phase, using

either embedding-based cosine similarity for structured memory results or an LLM-based verifier

for unstructured web observations. If any step is rejected, planning messages are updated with the

rejection reason and the Planner is asked to rewrite the plan entirely.

If the Safety Critic approves all steps, the plan is executed sequentially. Navigation actions

(navigate_to, skill_announce_and_navigate, skill_elevator_transit) release

the processing lock immediately upon dispatch, allowing the robot to accept mid-journey user

input. If the executed plan contains neither a speak step nor a navigation skill, a second LLM

call is made after execution to generate a short spoken confirmation summarising the results to the

user.

If the Planner produces a response that cannot be parsed as a valid JSON plan, a structured

error message is injected into the conversation history and the Planner is asked to retry. If a

terminal error such as an LLM API connection failure occurs, the system produces a fallback

spoken response notifying the user of the issue.
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Algorithm 2 Planner–Critic Reasoning Loop

Require: Context C = (sys,H,usr), sanitised utterance u, language ℓ
Ensure: Spoken reply to user

1: loop
2: P← PLANNER(C) ▷ JSON object: {plan_type, steps}
3: if P is not valid JSON with plan_type and steps then
4: Append parse error to C; continue
5: end if
6: if P.plan_type= draft then
7: if any step in P.steps uses a non-safe tool then
8: Append security rejection to C; continue
9: end if

10: for each step s in P.steps do
11: o← EXECUTE(s) ▷ no Critic; cognitive tools only
12: Append o to C as draft observation
13: end for
14: continue ▷ return observations to Planner
15: end if
16: if P.plan_type= final then
17: if any step in P.steps uses a search tool then
18: Append rejection (“use draft first”) to C; continue
19: end if
20: all_ok← true; rejection← /0
21: for each step s in P.steps do
22: if s.tool= speak then
23: ok← FACTCHECK(s.args.text, draft observations)
24: if ¬ok then
25: rejection← fact-check reason; all_ok← false; break
26: end if
27: end if
28: verdict← SAFETYCRITIC(s,u, location)
29: if ¬verdict.approved then
30: rejection← verdict.reason; all_ok← false; break
31: end if
32: end for
33: if ¬all_ok then
34: Append rejection to C; continue
35: end if
36: for each step s in P.steps do ▷ execute approved plan
37: EXECUTE(s)
38: if s.tool is a navigation action then
39: Release processing lock ▷ allow mid-journey input
40: end if
41: end for
42: if plan has no speak step and no navigation skill then
43: r← PLANNER(summarise observations) ▷ no utterance was produced; synthesise

one
44: SPEAK(r, ℓ) ▷ speak the newly generated confirmation
45: end if
46: return
47: end if
48: end loop
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3.4.3 Tools and Skills

The Planner’s action repertoire is divided into two categories: atomic tools and composite skills.

Atomic tools are single-step operations with a well-defined input and output, composite skills are

pre-defined multi-step sequences that the Planner invokes as a single named unit.

3.4.3.1 Atomic Tools

The system exposes eight atomic tools to the Planner, each defined by a name, a natural language

description, and a JSON schema specifying its required parameters. These tools are registered in

a central ToolRegistry and their schemas are injected into the Planner’s context at the start of

each interaction turn. Table 3.1 summarises the available tools.

Table 3.1: Atomic tools available to the Planner, with their key behaviours.

Tool Description and Key Behaviour

navigate_to Publishes a destination string to /nav/new_goal and sets the robot’s cur-
rent navigation target. The Critic validates the destination against the cam-
pus knowledge base before approving.

search_memory Performs hybrid retrieval over the FAISS campus knowledge index, com-
bining exact keyword matching with semantic search. Returns formatted
results with text and metadata.

search_web Queries the LangSearch API for real-time web information. Returns the top
three results, each comprising a title and full-text summary, to give the Plan-
ner sufficient context for current weather, news, or general factual queries.

check_daily_events Retrieves current and upcoming FEUP events from the daily-refreshed
events category of the knowledge index, filtered by a user-specified time-
frame (today, this_week, or upcoming).

get_robot_status Returns the robot’s current building, floor, room, active navigation target,
and elevator state as a structured string.

pause_navigation Publishes a cancel command to /nav/cancel_goal, immediately halt-
ing physical movement. Used when the user requests a stop or the system
detects a reason to wait.

call_help Triggers a VoIP call to the secretariat or security via
/robot/phone_call. Used as a last resort when the robot cannot
fulfil the request autonomously. The full VoIP integration is described in
Section 3.5.3.

memorize_fact Permanently writes a concise fact to the FAISS index under a specified
category (person, environment_update, or general). Used by the
Planner to record campus updates at runtime, for example a broken elevator
or a changed office location.

3.4.3.2 Composite Tools (Skills)

Composite skills are implemented as Python classes whose run method executes a choreographed

sequence of tool calls and spoken announcements, bypassing the Critic for each internal sub-call.

This bypass is intentional: the Critic evaluates whether the skill as a whole is appropriate for
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the user’s request, but cannot meaningfully evaluate individual choreography steps in isolation

without producing spurious rejections. Table 3.2 describes the available skills.

Table 3.2: Composite skills available to the Planner, each encapsulating a multi-step interaction
sequence.

Skill Description

skill_announce_and_navigate Searches memory for a destination, constructs a spoken an-
nouncement confirming the location and estimated journey,
then initiates navigation. The primary skill for handling es-
cort requests.

skill_find_nearest_amenity Searches for the nearest instance of a requested amenity (bath-
room, water fountain, printer) relative to the robot’s current lo-
cation, announces the result, and navigates there if requested.

skill_elevator_transit Orchestrates a complete floor-change sequence: navigating to
the elevator, prompting the user to press the correct floor but-
ton, monitoring lift events, verifying the floor on exit, and is-
suing re_enter or exit_lift commands as appropriate.

skill_vip_tour Executes a sequential guided tour through a list of campus
landmarks, pausing at each to deliver a contextual description
before proceeding to the next waypoint.

skill_emergency_sos Immediately pauses navigation, delivers a bilingual emergency
announcement, and places a call to security via call_help.

3.4.4 Planner and Critic Model Selection

The Planner is implemented using Qwen2.5-72B-Instruct, a 72-billion parameter instruction-

following model with strong tool-calling and reasoning capabilities, accessed via the Hugging

Face Inference API. This model was selected for its ability to produce structured tool call outputs

reliably and to reason coherently over the multi-step contexts that arise in complex interaction

scenarios.

The Safety Critic is implemented using Qwen2.5-7B-Instruct, a substantially smaller

and faster model also accessed via the Hugging Face Inference API. The Critic’s task, producing

a structured binary verdict with a brief reason, does not require the depth of reasoning demanded

of the Planner, and a 7-billion parameter model revealed sufficient to apply the evaluation rules

consistently. The use of a smaller model for the Critic role reduces the total inference latency

introduced by the dual-model loop, which is a critical practical consideration for a real-time inter-

active system. Both models share the same API token but are invoked as independent inference

calls with separate message histories, ensuring that neither model has access to the other’s internal

reasoning.
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3.5 Knowledge, Retrieval, and Memory

The system’s ability to give reliable, campus-specific responses depends on a layered knowledge

infrastructure. This section describes the static campus knowledge base, the mechanisms for re-

trieving dynamic and external information, how RAG connects these sources to the Planner’s

reasoning, and the session memory structures that maintain context across the duration of an in-

teraction.

3.5.1 Campus Knowledge Base

The system’s domain knowledge is stored in a FAISS vector index backed by a JSON metadata

store. At initialisation, if the index is empty, a seed dataset of campus facts is embedded and

written to the index. This seed dataset contains structured records for every named location on the

FEUP campus, including rooms, laboratories, offices, parking areas, cafeterias, and services. Each

record stores the location’s plain-text description, its building and floor, its canonical navigation

label (used as the argument to navigate_to), and any relevant contextual information such as

the services available or the personnel responsible for that location, if applicable. All records are

stored in English, irrespective of the interaction language used at runtime.

Embeddings are produced using the all-MiniLM-L6-v2 sentence transformer model, which

maps text to a 384-dimensional dense vector space. All vectors are L2-normalised before insertion,

and inner product search is used as the similarity metric, equivalent to cosine similarity for nor-

malised vectors. The index supports both pure semantic retrieval, returning the top-k most similar

documents to a query embedding, and hybrid retrieval, which combines exact keyword matching

with semantic search to handle queries that include precise identifiers such as room codes.

The seed dataset was not assembled manually. At initialisation, a dedicated ingestion script

queries the FEUP Sigarra institutional web portal, extracting structured location data through a

combination of HyperText Markup Language (HTML) parsing and structured data scraping. Each

extracted record is normalised into the schema expected by the FAISS index and embedded before

insertion. This automated ingestion pipeline ensures that the knowledge base reflects the current

state of the institutional directory at the time of deployment, without requiring manual data entry.

Real-time queries issued through search_web are likewise conducted in English, regardless

of the language detected for the ongoing interaction. Standardising all data sources, both the

seeded knowledge base and live web retrieval, on a single working language avoids embedding-

space fragmentation across languages and keeps retrieval quality consistent irrespective of the

user’s spoken language. Multilingual support is instead handled exclusively at the output stage,

where retrieved English-language content is translated into the detected interaction language as

part of the TTS pipeline described in Section 3.7.
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Figure 3.3: Hybrid retrieval architecture combining keyword exact-match scanning and semantic
embedding search over the FAISS campus knowledge index, with results merged and deduplicated
before being returned to the Planner as a structured observation.
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3.5.2 Dynamic and Web-Based Retrieval

Campus-specific temporal information, scheduled events, seminars, and announcements, is re-

trieved each morning from the FEUP Sigarra web portal and RSS feeds. A background worker

scrapes the agenda and news sections, filters results to a sliding window of thirty days before and

after the current date, fetches full-text details for each item, and formats the results as structured

documents for insertion into the FAISS index under an events category. At the start of each

working day, any previously stored event documents are cleared and replaced with the freshly

scraped content, ensuring that the system’s event knowledge remains current without accumulat-

ing stale entries.

For queries requiring real-time information beyond the campus knowledge base, such as cur-

rent weather, breaking news, or general factual questions, the system uses the LangSearch web

search API. Results include a Uniform Resource Locator (URL), title, snippet, and full-text sum-

mary for each item. The Planner invokes this capability through the search_web tool, subject to

the standard Critic evaluation path.

3.5.3 VoIP Integration and Human Escalation

The system includes a VoIP-based escalation mechanism that enables the robot to autonomously

place a telephone call to campus staff when it is unable to resolve a situation without human

intervention. This capability is invoked in two circumstances: when the navigation replan counter

reaches its configured threshold (three consecutive replanning attempts without progress), and

when the person_not_found handler determines that no viable alternative location exists for

the requested contact. In both cases, the call_help tool triggers the handle_phone_call

method, which orchestrates the full call lifecycle.

Both circumstances are triggered by navigation events rather than by the Planner–Critic rea-

soning loop described in Subsection 3.4.2: the replan counter is a deterministic threshold check,

whereas the person_not_found handler relies on a single dedicated LLM call to decide be-

tween rerouting to an alternative office and escalating. Algorithm 3 formalises both triggers.
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Algorithm 3 Autonomous VoIP Escalation Triggers

1: procedure ONREPLANEVENT(count n) ▷ deterministic; triggered by a replan navigation
event

2: if n≥ 3 then
3: SPEAK(“I am sorry, I seem to be lost. I will call the secretariat for assistance.”)
4: HANDLEPHONECALL(“secretariat”)
5: end if
6: end procedure

7: procedure ONPERSONNOTFOUND(person name p) ▷ single dedicated LLM call; triggered
by a person_not_found navigation event

8: SPEAK(“It appears p is not here. Let me check my memory for their office.”)
9: ctx← RETRIEVE(“p permanent office location”, k=3)

10: out← LLM(ctx, p) ▷ decides: navigate to office, or call_help
11: if out.intent= navigate and out.destination is known then
12: Publish out.destination to /nav/new_goal
13: else if out.intent= call_help then ▷ no office on record, or none could be identified
14: HANDLEPHONECALL(“secretariat”)
15: end if
16: end procedure

The telephony layer is implemented using the pyVoIP library, which communicates with a lo-

cally deployed Asterisk Session Initiation Protocol (SIP) proxy running on the robot’s onboard

computer.

Rather than streaming silence or playing a pre-recorded message, the system dynamically

generates a spoken distress announcement at call time, embedding the robot’s current physical

location: building, floor, and room, and its active navigation destination. This location-aware

message is synthesised silently using the existing Piper TTS engine configured for Portuguese, the

operational language of the FEUP campus.

Once the audio file is prepared, the phone object registers with the local SIP proxy and dials

the target extension. The system then polls the call state, waiting up to sixty seconds for the call

to be answered; if the timeout expires without an answer, the call is terminated gracefully and the

method returns False. If the call is answered, the pre-generated audio is streamed in a dedicated

thread via call.write_audio(). The system waits for playback to complete before hanging

up, calculated from the ratio of total audio frames to the 8,000 Hz sample rate. The microphone

is muted during the call to prevent background audio from being transcribed as user input by the

STT pipeline.

This design decouples the content of the escalation message from any fixed script, ensuring

that the staff member who receives the call is always given accurate, real-time location informa-

tion.
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3.5.4 Retrieval-Augmented Generation

RAG is applied at two points in the pipeline. When the Planner invokes search_memory, the

retriever performs a hybrid search over the FAISS index and returns the top-k results, formatted

with their metadata, as an observation. The Planner then incorporates this information directly into

its subsequent reasoning, constraining its response to the retrieved content rather than generating

from parametric memory. When the Planner invokes check_daily_events, the retriever per-

forms a semantic search restricted to the events category and returns the most relevant records.

Responses that draw on retrieved content are verified for factual consistency using a cosine

similarity check between the generated answer and the retrieved document chunks. If the simi-

larity falls below a configurable threshold, the response is flagged internally. In the current im-

plementation the system proceeds with the response rather than suppressing it, which is a design

decision discussed further in Chapter 4.

3.5.5 Session Memory and Goal Management

The system maintains two distinct types of in-session memory. Short-term conversational memory

is held in the dialogue history list, passed in full to the Planner at each iteration. This list grows

with each user utterance, assistant response, and tool observation, providing the Planner with a

complete record of the current interaction. The dialogue history is not persisted between sessions.

Long-term factual memory is stored in the FAISS index, which persists between sessions via

the memory.index and memory_meta.json files. A MemoryManager class handles daily

cleanup of expired memory entries, those whose expires_at metadata field has passed, and

rebuilds the FAISS index to reflect the retained content.

A separate DecisionMemory structure records multi-option decisions made by the Planner

during navigation, associating each decision point with a ranked list of alternatives and their con-

fidence scores. If the chosen option fails, the system can backtrack and attempt the next-best

alternative without re-invoking the full agentic loop. The GoalStack complements this by track-

ing the robot’s active and interrupted navigation goals: when a new destination is requested whilst

the robot is already navigating, the current goal is marked as interrupted and held on the stack,

allowing the system to resume it once the new task is complete.

3.6 Navigation Integration and Event Handling

The robot’s physical navigation system communicates with the conversational core exclusively

through ROS 2 topics. The conversational system subscribes to /robot/current_location

for continuous spatial telemetry and to /nav/events for discrete navigation events. The unified

event topic carries JSON payloads of the form {"event": "<type>", "data":

<payload>}, allowing a single subscription to multiplex all navigation signals and route them to

the appropriate handler. Table 3.3 summarises all event types and the responses they trigger.



System Design, Implementation and Validation 40

Table 3.3: Navigation event types received on /nav/events and the corresponding system re-
sponses.

Event System Response

arrival Resets the active goal, delivers a contextual arrival announcement, and
invites the user to confirm or request further assistance.

turn Updates the LED face display to illuminate the side corresponding to
the indicated direction (left or right), providing a visual signal for pedes-
trians.

obstacle Triggers an audible horn (/robot/horn) followed by a bilingual ver-
bal request for the path to be cleared.

replan Acknowledges the replanning attempt. After three consecutive replan
events without resolution, escalates automatically via call_help.

door Delivers a spoken request for the door to be opened and waits for navi-
gation to resume.

landmark To avoid interrupting active dialogue, landmark descriptions are queued
if the user is currently speaking or has spoken within the last thirty sec-
onds. This pending context is then injected into the LLM’s next prompt,
allowing the system to naturally weave spatial observations into its re-
sponse to the user. If no conversation is active, the system immediately
generates and speaks a proactive, fact-grounded sentence about the re-
trieved landmark.

lift entered Prompts the user to press the button for the correct destination floor.
lift door_opened Checks whether the current floor matches the target floor. If correct,

issues exit_lift and announces arrival; if not, instructs the user and
issues re_enter.

lift exited Confirms successful floor transition and resumes the navigation context.
group_distance Carries two distinct data payloads. A falling_behind that triggers

a spoken request for the group to close the gap and causes the robot
to reduce its navigation pace. A centre payload, received when the
robot’s vision system determines that the user has drifted out of the
camera’s field of view,prompts the robot to ask the user to step towards
the centre of the frame so that they remain visible.

person_not_found Retrieves alternative contact information from the knowledge base and
either suggests an alternative location or offers to call for assistance.
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The elevator transit sequence warrants additional description because it is the most stateful

event-driven behaviour in the system. When the skill_elevator_transit skill is active, the

system tracks the target floor across multiple lift events. The lift entered event is a prompt

to the user; the lift door_opened event is the decision point where floor verification occurs;

and the lift exited event is the confirmation that the transit is complete. If the wrong floor is

detected, the robot re-enters the lift and repeats the cycle, up to a configurable maximum number

of attempts.

3.7 Speech, Language, and Expressive Embodiment

3.7.1 Speech Recognition

Speech input is supported through two alternative STT backends, selected at configuration time.

When Whisper is enabled, the system records an audio segment using sounddevice, writes it

to a temporary WAV file, and passes it to a locally loaded Whisper small model for transcrip-

tion. When Whisper is not available, the system falls back to Google Speech Recognition via the

SpeechRecognition library. The STT system includes a pause mechanism that releases the

microphone during VoIP calls, preventing phone audio from being transcribed as user input.

3.7.2 Speech Synthesis and Multilingual Output

Text-to-speech output is handled by the Piper neural TTS engine, which provides offline, low-

latency synthesis across more than forty languages using ONNX-format voice models. Voice

models are loaded at startup for each language present in the voices directory. When the system

needs to speak, it selects the voice model corresponding to the detected language of the interaction,

or falls back to the English voice if no matching model is available.

Synthesis is implemented with a producer–consumer architecture to minimise the delay be-

tween response generation and the start of audio playback. A background thread generates audio

chunks sentence by sentence, placing each into a queue, whilst the main thread consumes and

plays chunks via sounddevice as soon as they become available. This pipeline reduces the per-

ceptible gap between the end of LLM inference and the beginning of spoken output. All audio is

resampled to 48,000 Hz before playback to ensure compatibility with the output hardware.

For scripted responses triggered by navigation events, arrival announcements, obstacle warn-

ings, door requests, and similar, the system invokes a translation step only when the detected inter-

action language is not English. The translation is produced by passing the English template to the

Planner LLM with a dedicated translation instruction. To avoid incurring repeated inference costs

for the same phrase, translations are cached both in memory and on disk. The cache is keyed by

a combination of the target language code and the source text (e.g. pt:We have arrived at

the destination.), and is persisted to a JSON file (translation_cache.json) so that it

survives robot reboots. On a cache hit, the stored translation is returned immediately, with no LLM
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call required. This is particularly significant for navigation-event-driven speech in non-English in-

teractions, where the same arrival or obstacle phrases may be repeated many times across sessions.

On a cache miss, the translated text is written to both the in-memory dictionary and the persistent

file before being passed to the TTS engine.

3.7.3 Expressive LED Face

The robot’s non-verbal expressive output is rendered as a circular LED face display, implemented

as a standalone ROS 2 node (face_display.py) running in a separate process to avoid block-

ing the audio pipeline. The face subscribes to /robot/face_state, which carries a JSON

payload containing the current emotion label, the corresponding colour code, and a real-time au-

dio intensity value.

The emotion label is determined by the Planner’s response: the system prompt instructs the

Planner to include an emotion tag in its output, which is parsed and mapped to a colour from

a predefined palette covering over forty emotion categories, presented in C. The audio intensity

value is computed in real time during playback as the root mean square of each audio chunk, and is

published continuously throughout speech synthesis. The face display uses this value to modulate

the radius of the circular LED representation, creating a pulsing visual effect synchronised with the

robot’s speech energy. When the robot is turning, the face illuminates only the side corresponding

to the turn direction, providing a directional signal for nearby pedestrians.

Figure 3.4: LED face display states during speech synthesis: (left) idle state with neutral grey,
(centre) active speech with emotion-driven colour and expanded radius, and (right) directional
turn signal illuminating only the side corresponding to the robot’s planned turn direction.

Expressive state transitions use time-based smooth interpolation (smoothstep) to avoid abrupt

colour changes. The face display is launched automatically by the main process on startup and

terminated cleanly on shutdown.

3.8 Simulation and Evaluation Framework

System evaluation is conducted primarily using a purpose-built Pygame simulator that models

the FEUP campus as a two-dimensional interactive map. The simulator serves two functions:

it provides a visual environment for manual exploration and demonstration, and it implements

an automated scenario execution engine for systematic evaluation, and can be adapted to other

institutions, as shown in 3.6.
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Figure 3.5: Pygame-based Master Control Deck used for simulation and evaluation.

(a) The 2D simulation environment featuring the
Faculdade de Ciências da Universidade do Porto
(FCUP) Campus map.

(b) The 2D simulation environment featuring the
INESC TEC - IILab map.

Figure 3.6: Pygame Master Control Deck featuring other institutions.
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3.8.1 Automated Scenario Execution

In automated mode, each scenario is defined as a Python list of timed steps. Each step specifies a

delay in seconds, a step type, and associated data. The available step types are:

• location: publishes a spatial coordinate update to /robot/current_location;

• user_text : injects a user utterance to /user/text_input;

• event: publishes a named navigation event to /nav/events;

• expect_text : waits for the next message on /robot/text_output and asserts that it

contains all specified keywords;

• expect_nav_goal : asserts that the most recently published goal on /nav/new_goal

matches one of a set of expected strings.

The simulator collects pass/fail results for each assertion step, records the latency between

user input injection and the first text output, and saves a structured JSON report at the end of each

scenario run. This report includes the scenario name, the model identifier, per-step results, overall

pass rate, and measured response latency.

3.8.2 Evaluation Metrics

To enable consistent and reproducible assessment of system behaviour across scenarios, four met-

rics are defined and measured by the simulator for each scenario run. These metrics are designed

to map directly onto the three research questions introduced in Section 1.5.

Task completion rate is the primary metric. A scenario is considered successfully completed

if all expect_text and expect_nav_goal assertion steps pass. The task completion rate

across the full scenario suite is reported as the proportion of scenarios with no failed assertions.

This metric bears primarily on RQ1.

Response latency is measured as the elapsed time between the injection of a user utterance

via /user/text_input and the receipt of the first message on /robot/text_output. This

captures the combined cost of Planner inference, Critic inference, and any tool execution that

precedes the first spoken output. Latency is reported per scenario in seconds. This metric bears on

RQ3, specifically the practical viability of the dual-model loop.

Critic intervention rate is the proportion of tool or skill proposals within a scenario that the

Safety Critic rejects. Auto-approved tools (search_memory, search_web, check_daily_

events, get_robot_status) are excluded from this count, as they bypass Critic evaluation

by design. A high intervention rate may indicate either that the Planner is consistently propos-

ing inappropriate actions or that the Critic’s rules are overly restrictive; both interpretations are

examined in Chapter 4. This metric bears on RQ3.

Keyword assertion pass rate provides finer-grained visibility than task completion alone. For

each expect_text step, the proportion of required keywords that appear in the captured output
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is recorded. This distinguishes between a complete failure (no keywords matched) and a partial

response (some keywords present but the output was incomplete or differently phrased). This

metric bears on RQ1 and RQ2.

3.8.3 DeepEval Automated Quality Evaluation

Whilst the simulation-based assertion pipeline described in Section 3.8.2 provides a rigorous, de-

terministic measure of behavioural correctness, it is insensitive to the qualitative character of the

robot’s spoken utterances. A keyword assertion cannot distinguish between a response that is tech-

nically compliant and one that is contextually coherent and socially fitting. To address this gap,

a second evaluation layer is applied offline against the transcripts produced by each scenario run

using DeepEval [2]. Two complementary scripts are employed, targeting different granularities of

assessment.

Single-turn evaluation applies a GEval metric named Contextual Appropriateness to each

individual robot utterance. Each test case is constructed from a manually authored triggering con-

text sentence as the input (e.g. “Navigation replanning failed three times, robot is stuck.”), the

robot’s captured response as the actual_output, and the assertion keywords as a lightweight

reference signal. Using an authored context rather than the raw user utterance isolates the specific

situational demand the utterance must satisfy, enabling the judge to assess each response against

the event that provoked it. The GEval criteria encodes four domain constraints that a generic rel-

evancy rubric would violate: that the robot navigates physically and need not verbalise directions,

that Portuguese and English are both valid response languages, that terse confirmations are correct

and expected and that evaluation should target fitness for the robot’s institutional role rather than

factual completeness.

Multi-turn evaluation applies ConversationalGEval to the full conversation session as a

coherent whole. Each ConversationalTestCase is built from the complete turn sequence of a

scenario transcript, enriched with a scenario description, an expected_outcome statement,

and a chatbot_role definition. The judge evaluates contextual appropriateness across turns,

conversational coherence (e.g. correct recall of a user’s name disclosed earlier in the session), and

whether the overall interaction achieves its intended goal.

Both scripts accept multiple -tests-dir arguments and use the same HFInferenceModel

wrapper backed by meta-llama/Llama-3.3-70B-Instruct as the judge, ensuring that all

three model configurations are assessed under identical conditions in a single pass. Results are

exported to timestamped JSON files recording the score, pass/fail verdict, and the judge’s natural

language reason per test case, alongside the keyword scores from the simulation pipeline.

Taken together, the simulation-based assertions and the two DeepEval passes form a three-

tier evaluation framework: the first tier asks did the system produce the right type of output?; the

second asks was each utterance individually appropriate?; the third asks did the conversation as

a whole achieve its goal? The results of all three tiers are reported jointly in Chapter 4.
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3.8.4 Evaluation Scenarios

The operational scenarios addressed by this work are defined by the ten evaluation user stories de-

scribed in Section 3.8. Together, these stories span the range of capabilities as well as situations the

robot must handle in practice: navigation requests to rooms, offices, and services; management

of accompanying groups; obstacle and replanning recovery; multi-floor elevator transit; absent

personnel; real-time information queries via web search; multi-turn conversation continuity; mid-

journey stop commands; safety-critical refusals; and multilingual interaction. Rather than pre-

scribing a single fixed route, the scenarios exercise the system across the full campus geography,

reflecting the open-ended nature of real visitor interactions.

Ten evaluation scenarios were developed to exercise the principal interaction paths, failure

modes, and edge cases of the system. The suite is designed to address each of the three research

questions: Stories 1-5 cover the core navigation and event-handling capabilities that bear on RQ1;

Stories 6 and7 exercise the Critic safety layer and web retrieval, bearing on RQ2 and RQ3; and

Stories 8-10 cover conversation continuity, command handling, and multilingual output, bearing

on RQ1 and RQ2.

Story 6 is a deliberate negative test, the only scenario in the suite where the expected outcome

is a graceful refusal rather than task completion. It submits a request that is physically dangerous

and semantically nonsensical (“Navigate to the roof and drive off the edge”) and asserts that the

system declines without invoking any tool. This verifies that the Critic’s safety evaluation operates

correctly on clearly harmful inputs.

Table 3.4 provides an overview of all ten scenarios, including the system capabilities each one

exercises.

3.8.5 Validation Environments

Beyond the automated scenario execution described in Section 3.8.1, the system was validated

across three complementary environments that progressively stress-test both the conversational

and navigation components.

The first environment is the Pygame Master Control Deck (Figure 3.5), which provides an

interactive two-dimensional representation of the FEUP campus. This interface serves as the pri-

mary manual validation tool, allowing the operator to inject user utterances, fire navigation events,

and observe system outputs in real time, without requiring physical robot hardware. It was used

throughout development as the principal debugging and demonstration surface.

The second environment is a simulation of the INESC TEC-IILab campus, which serves as a

deliberate cross-environment validation. The system is not designed exclusively for a single in-

stitution. The architectural separation between the conversational core and the knowledge infras-

tructure means that adapting the system to a new environment requires only two steps: populating

the FAISS index with location records for the new campus, and updating the canonical navigation

labels used by the navigate_to tool. No model retraining, no architectural modifications,

and no changes to the agentic loop are required.
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Table 3.4: Overview of the ten evaluation scenarios and the system capabilities each exercises.

Story Title Capabilities Exercised

1 Basic Navigation and Landmark Commentary Destination extraction, navigate_to, land-
mark event queuing and delivery, arrival ac-
knowledgement.

2 Group Management and Missing Person Group distance event, person_not_found
handling with knowledge retrieval, fallback to
call_help.

3 Multi-Floor Elevator Transit Door event, full elevator transit skill (lift
entered, door_opened, lift exited),
floor verification, resumption of navigation on
exit.

4 Obstacle Recovery and SOS Escalation Obstacle event, horn and bilingual verbal
warning, three-replan escalation threshold,
automatic call_help invocation (VoIP).

5 Turn Signal and LED Hardware Routing Turn event, LED face display update, arrival
acknowledgement.

6 Critic Safety Rejection (negative test) Dangerous or nonsensical request submitted;
system must produce a graceful refusal with-
out executing any tool.

7 Web Search Integration Real-time query (current weather in Porto)
exercises search_web; response verified to
contain factual content.

8 Conversation Continuity Three-turn exchange verifies that user-
provided information (a name stated two
turns earlier) is retained in the dialogue
history and recalled correctly.

9 Pause Navigation Command Mid-journey stop request verifies that
pause_navigation is invoked and the
robot acknowledges the halt.

10 Multilingual Request Portuguese-language escort request verifies
that the spoken response is in Portuguese
whilst the navigation goal is published in the
canonical English label format.
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The third environment is the physical deployment of the system on two real robot platforms

at the INESC TEC-IILab campus, following successful validation in the corresponding simulated

environment. This deployment constitutes the most stringent validation tier in the evaluation hier-

archy, as it removes the simplifying assumptions inherent to both the Pygame and physics-aware

simulators and subjects the system to genuine sensor noise, network conditions, and physical

actuation constraints. Running the identical conversational core, knowledge base, and agentic

loop across two distinct physical robots, without platform-specific modification to the reasoning

pipeline, provides direct evidence that the architectural separation between the agentic core and the

navigation interface, mediated entirely through ROS 2 topics, holds not only across institutional

environments but across hardware platforms. This corroborates the claim made in Section 3.3 that

the system constitutes a general-purpose agentic host robot platform rather than a configuration

tied to a single robot or a single campus.

3.8.6 Ablation Study Design

To isolate the individual contribution of the two core architectural components, the Safety Critic

and the RAG retrieval mechanism, an ablation study was conducted using the selected model,

Qwen2.5-72B-Instruct, as the Planner across three conditions. The Baseline condition re-

tains the full architecture as described in Section 3.4.2. The No Critic condition disables the

Safety Critic entirely, allowing every Planner-proposed action to execute without evaluation. The

No RAG condition disables the search_memory tool, removing the Planner’s access to the

campus knowledge base. Each condition was evaluated once against all ten scenarios from the

evaluation suite described in Section 3.8.4, using the same keyword assertion pass criteria as the

primary evaluation, yielding 33 assertion checks per condition. No other component of the system

was modified between conditions.

3.9 Configuration and Deployment

All tuneable parameters are centralised in a Config dataclass, loaded from environment variables

at startup via a .env file. Key parameters include the Hugging Face API token and model identi-

fiers for the Planner and Critic, the LangSearch API key and endpoint, the embedding model name,

the FAISS index and metadata file paths, the retriever top-k value, LLM generation parameters

(maximum tokens, temperature, top-p), the verification similarity threshold, and TTS and STT

configuration flags. This centralised configuration supports rapid experimentation with different

model combinations and retrieval settings without modifying source code.

All LLM inference is performed remotely via the Hugging Face Inference API [21]. Hug-

ging Face was selected for three reasons: it provides a unified, provider-agnostic endpoint that

supports all four candidate models under a single API contract, eliminating the need for model-

specific client libraries or local hosting infrastructure; it offers free-tier access to large open-

weight models sufficient for research-scale evaluation; and its model identifiers map directly to the

AVAILABLE_MODELS registry described in Section 4.2.2, preserving the one-line model-addition
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property of the architecture. The principal trade-off is a dependency on network connectivity and

API availability, which is discussed as a limitation in Chapter 4.

The generation parameters applied uniformly across all four models are summarised in Ta-

ble 3.5. Temperature was set to zero to maximise output determinism and reproducibility across

evaluation runs, which is particularly important for the structured JSON plan outputs required by

the Planner. The top-p value of 0.9 provides a conservative nucleus-sampling ceiling, whilst the

512-token output limit is sufficient for the concise plan objects and spoken responses generated by

the system.

Table 3.5: LLM generation parameters applied uniformly to all evaluated models.

Parameter Value

Maximum new tokens 512
Temperature 0.0
Top-p 0.9

The system is designed to run on a standard Linux workstation (Ubuntu 24) with ROS 2 in-

stalled. The face display runs in a separate process to avoid conflicts between the Matplotlib event

loop and the audio pipeline. The main process spawns the face display subprocess at startup and

terminates it cleanly on shutdown. Since all inference is delegated to the Hugging Face API, the

system imposes no local Graphics Processing Unit (GPU) requirement.



Chapter 4

Results

This chapter presents the results obtained across the seven complementary evaluation strands in-

troduced in the previous chapter, providing the empirical basis for the discussion and conclusions

that follow.

4.1 Evaluation Overview

This chapter presents the results of the seven evaluation strands conducted in this work. The

DeepEval automated metric evaluation is reported first (Section 4.2), as it provides a quantitative,

judge-independent comparison of the three model configurations across all ten evaluation scenar-

ios without relying on human perception. The general-population evaluation is reported second

(Section 4.3), where its primary outcome, the identification of the best-performing model as judged

by a broad evaluator cohort, is interpreted in light of the automated results. Together, these two

strands converge on a single selected model, which is used in all subsequent evaluation strands.

The InfoDesk staff evaluation (Section 4.4) was conducted using the selected model, ensuring that

expert factual assessment reflects the system’s optimal conversational configuration.

The INESC TEC results (Section 4.5) provide two further forms of evidence: a simulated

cross-environment run against an unfamiliar knowledge base, and, beyond simulation entirely,

two physical deployments in which the conversational system directly commands real mobile

robot hardware in real time. These physical demonstrations are the only evaluation strand in this

chapter in which the agentic core’s navigation decisions result in observable motion of an actual

robot rather than a simulated or scripted outcome.

A VoIP escalation demonstration (Section 4.6) is also presented and provides direct empirical

evidence of the end-to-end telephony integration on the physical deployment platform.

A controlled ablation study (Section 4.7) complements these strands by isolating the individual

contribution of the Safety Critic and the RAG mechanism, using the selected model under three

conditions: full architecture, Critic disabled, and RAG disabled.

Results are presented descriptively throughout this chapter, their interpretation and implica-

tions are addressed in Chapter 5.

50
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Evaluation strands:

• DeepEval Automated Metrics (strand A)

• General Population Evaluation (strand B)

• InfoDesk Staff Evaluation (strand C)

• INESC TEC Results (Simulator Demonstration) (strand D)

• INESC TEC Results (Physical Robot Demonstrations) (strand E)

• VoIP Escalation Demonstration (strand F)

• Ablation Study (strand G)

The several strands of evaluation are purposefully challenging: the FEUP campus, which is

information-rich and complex, is used to assess the complexity of the searches, whilst the INESC

TEC (more industrial) site is used to run real-world tests with 2 robots.

4.2 FEUP – DeepEval Automated Metrics

4.2.1 Motivation and Role in Model Selection

Keyword assertion testing, the first-tier evaluation described in Section 3.8.2, determines whether

a required token appears in the robot’s output. It is deliberately binary: a response either contains

the asserted keyword or it does not. This property makes keyword assertions reliable and repro-

ducible, but insensitive to the qualitative character of the responses that pass them. Two model

configurations may both satisfy every keyword check across the ten evaluation scenarios whilst

producing responses of substantially different contextual appropriateness, coherence, and social

fitness. A model that replies “A005. Go.” and a model that replies “Of course, I will escort you

to Room A005 now.” are indistinguishable from the perspective of a keyword assertion on "a005";

they are not indistinguishable to a visitor.

The DeepEval evaluation layer is introduced precisely to surface this distinction. By applying

a domain-aware GEval judge to every captured robot utterance across all four model configura-

tions in a single, uniform pass, it produces a Contextual Appropriateness score for each response

that reflects qualitative fitness for purpose independently of surface token presence. These scores

serve two functions in the evaluation structure of this dissertation. First, they provide a quantita-

tive, model-agnostic signal for cross-model comparison that complements the keyword pass rates.

Second, together with the general-population preference data reported in Section 4.3, they inform

the identification of the selected model.
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4.2.2 Evaluation Configuration

The single-turn and multi-turn evaluations were executed using test suites from all four model con-

figurations supplied simultaneously to each script. Four models were evaluated: DeepSeek-R1-

-Distill-Qwen-32B [13], LLaMA-3.1-8B-Instruct [18], Mistral-Small-3.1-24B-

-Instruct-2503 [37], and Qwen2.5-72B-Instruct [43]. As noted in Section 4.3, LLaMA

was excluded from the human evaluation forms; its results are reported here for completeness but

are not used in model selection due to its poor performance. The judge model was meta-llama/

Llama-3.3-70B-Instruct, accessed via the Hugging Face Inference API. Both the single-

turn GEval and the multi-turn ConversationalGEval pass threshold were set to 0.5. The

single-turn pass produced 92 test cases across all four models (23 per model, corresponding to

the total interactions across the ten stories), covering the full set of utterance-level assertions. The

multi-turn pass produced 40 conversational test cases (10 per model, as shown in Table 3.4), one

per story per model.

Model selection was designed to be straightforward to modify and extend. The system resolves

the active model at runtime from a single environment variable (ACTIVE_MODEL), which indexes

into a centralised AVAILABLE_MODELS dictionary mapping short identifiers to fully qualified

Hugging Face model strings. Adding a new model to the evaluation requires appending a sin-

gle entry to this dictionary and setting the environment variable accordingly, with no changes to

the agentic loop or evaluation scripts. This design was deliberate: by decoupling model identity

from system logic, the architecture supports systematic multi-model comparisons without code

duplication, and remains straightforwardly extensible as new models become available. The sys-

tem additionally performs automatic capability detection at runtime, identifying reasoning models

such as DeepSeek-R1 by name, and adjusts its prompting strategy accordingly, so that a newly

added model of either type integrates without manual prompt engineering.

4.2.3 Single-Turn Results

4.2.3.1 Aggregate Statistics

Across all 92 single-turn test cases, the GEval judge assigned a pass to 72 cases, yielding an

overall pass rate of 78.3% and a mean Contextual Appropriateness score of 0.74. The keyword

assertion pipeline passed 82 of the 92 cases (89.1%), confirming that token presence is a weaker

criterion than contextual coherence: ten cases passed the keyword check whilst failing the GEval

evaluation, and two cases failed the keyword check whilst passing GEval. The mean LLM re-

sponse latency across all models was 16.20 s, though this figure aggregates very different per-

model distributions discussed below. The raw results are presented in this address1.

1https://drive.google.com/file/d/19dLQJYcl3fSuNsmrTte3qdGBKvfoJDVF/view?usp=shari
ng

https://drive.google.com/file/d/19dLQJYcl3fSuNsmrTte3qdGBKvfoJDVF/view?usp=sharing
https://drive.google.com/file/d/19dLQJYcl3fSuNsmrTte3qdGBKvfoJDVF/view?usp=sharing
https://drive.google.com/file/d/19dLQJYcl3fSuNsmrTte3qdGBKvfoJDVF/view?usp=sharing
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4.2.3.2 Per-Model Comparison

Table 4.1 summarises the per-model results. Figure 4.1 illustrates the pass rate and average score

side by side. Three models, Qwen2.5-72B-Instruct, DeepSeek-R1-Distill-Qwen-32B,

and Mistral-Small-3.1-24B-Instruct-2503, formed a clear leading group, whilst

LLaMA-3.1-8B-Instruct performed substantially below all three on every measure.

Table 4.1: Single-turn Contextual Appropriateness results by model. Pass threshold: ≥ 0.5. La-
tency is the mean per-utterance LLM response time in seconds.

Model Passed Total Pass Rate Avg Score Avg Latency (s)

Qwen2.5-72B-Instruct 22 23 95.7% 0.87 5.60
DeepSeek-R1-Distill-Qwen-32B 20 23 87.0% 0.82 18.47
Mistral-Small-3.1-24B-Instruct-2503 20 23 87.0% 0.86 17.50
LLaMA-3.1-8B-Instruct 10 23 43.5% 0.40 23.23

Overall 72 92 78.3% 0.74 16.20

Figure 4.1: Single-turn Contextual Appropriateness pass rate (left) and average GEval score
(right) per model. The three leading models are clustered above 85% pass rate and 0.8 mean
score

Qwen2.5-72B-Instruct achieved the highest pass rate (95.7%) and the highest mean score

(0.87), and also recorded the lowest mean latency by a substantial margin (5.60 s versus 17–23 s

for the remaining models). DeepSeek and Mistral were tied on pass rate (87.0%) but Mistral

marginally outscored DeepSeek on average (0.86 versus 0.82). Both achieved a keyword pass rate

of 100%, compared with LLaMA’s 56.5%. LLaMA’s failures were concentrated in timeout-related

non-responses, where the model returned “I am having connection issues” in place of substantive

replies, and were therefore penalised by both the keyword and GEval tiers simultaneously.

4.2.3.3 Per-Story Results

Table 4.2 reports the aggregate GEval pass rate and mean score per story across all four models.

Figure 4.2 shows the pass rate distribution per story, and the score heatmap in Figure 4.3 reveals

which model–story combinations drove the aggregate failures.
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Table 4.2: Single-turn Contextual Appropriateness results per story, aggregated across all four
model configurations. Pass threshold: ≥ 0.5.

Story Scenario Cases Passed Avg Score Pass Rate

1 Navigation, landmark, arrival 12 11 0.89 91.7%
2 Group management, missing person 12 11 0.88 91.7%
3 Elevator transit 16 13 0.81 81.3%
4 Obstacle recovery, SOS escalation 16 11 0.57 68.8%
5 Turn Signal and LED Hardware Routing 8 7 0.85 87.5%
6 Safety refusal (negative test) 4 3 0.75 75.0%
7 Web search, weather query 4 3 0.60 75.0%
8 Conversation continuity 12 8 0.63 66.7%
9 Pause navigation command 4 2 0.45 50.0%

10 Multilingual request (Portuguese) 4 3 0.75 75.0%

Overall 92 72 0.74 78.3%

Figure 4.2: Single-turn Contextual Appropriateness pass rate by story, aggregated across all four
model configurations. Stories 1 and 2 achieve the highest pass rates; Stories 4, 8, and 9 are the
most discriminating.
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Figure 4.3: Mean single-turn GEval score per story and model. LLaMA’s column is predomi-
nantly red across nearly all stories; the bilingual obstacle step in Story 4 is the only scenario where
failures extend across multiple models.

Stories 1 and 2, covering the core navigation escort behaviour, produced the highest pass

rates (91.7% each) and the highest mean scores (≥ 0.88). Story 3 (elevator transit) and Story 5

(navigation and arrival) also performed well at 81.3% and 87.5% respectively. Stories 4, 8, 9,

and 10 were the most discriminating scenarios.

Story 4 (obstacle recovery and SOS escalation) yielded the lowest mean score among naviga-

tion stories (0.57, 68.8% pass rate), with failures concentrated in the bilingual obstacle response

step. As visible in Figure 4.3, this is the only step where failures span all four models: DeepSeek,

LLaMA, Mistral, and Qwen all received a low or failing score for at least one case. The root

cause is an artefact of the single-turn evaluation design rather than a genuine response failure. The

robot produces its bilingual obstacle response as two consecutive lines: “Com licença.” followed

by “Excuse me.”, which the transcript parser presents to the single-turn judge as two independent

utterances, one per expect_text step. Evaluated in isolation, each utterance contains only one

language and satisfies only one of the two keyword assertions, neither is bilingual on its own, and

the judge correctly penalises each for lacking the full expected response whereas in multi-turn

evaluation consecutive robot lines are merged into a single assistant turn before the conversation

is submitted to the ConversationalGEval judge, so the full bilingual utterance is assessed

as one coherent turn. This discrepancy between the two tiers is not a failure of either metric, it

is precisely the kind of granularity difference the dual-resolution design is intended to expose,

and it reinforces why single-turn and multi-turn evaluation are complementary rather than redun-

dant. It also highlights a genuine limitation of the single-turn approach for systems whose verbal

behaviour spans multiple consecutive utterances, a point addressed in Chapter 5.

Story 9 (pause navigation command) had the lowest overall pass rate (50.0%, mean score

0.45). LLaMA contributed non-responses, whilst Mistral acknowledged the stop command but

simultaneously announced navigation to an unrelated destination, a contradiction the judge cor-
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rectly identified as incoherent. Story 8 (conversation continuity) produced a pass rate of 66.7%

and a mean score of 0.63. DeepSeek contributed two notable failures: in one step, it announced

arrival at Room A005 immediately upon receiving the navigation request, before any arrival event

had been published, a premature arrival hallucination that the keyword assertion passed (the token

a005 was present) but the GEval judge scored at 0.0. In a second step, its name-recall response

was penalised despite containing the correct name, because the judge determined the phrasing was

not contextually grounded in the prior turn. Story 6 (safety refusal) passed at 75.0%, with the

single failing case attributable entirely to LLaMA’s timeout-issue non-response rather than to any

model attempting to comply with the unsafe command.

4.2.3.4 Score Distribution and Latency

The score distributions, shown in Figure 4.4, further differentiate the leading group from LLaMA.

DeepSeek and Qwen show distributions concentrated in the upper range with near-zero interquar-

tile spread, Mistral shows a slightly wider distribution with several outliers in the 0.4–0.6 range,

all attributable to the bilingual obstacle and conversation-continuity steps. LLaMA’s distribution is

bimodal, with a large cluster at 0.0 (timeout-issue non-responses) and a second cluster at 0.6–0.8

for the cases where the model replied substantively.

Figure 4.4: Single-turn GEval score distribution by model. DeepSeek and Qwen are concentrated
at the upper end of the range; LLaMA shows a bimodal distribution reflecting its pattern of either
timing out (score 0.0) or responding adequately (0.6–0.8).

The latency box plot in Figure 4.5 reveals a significant practical difference between Qwen and

the remaining models. Qwen’s interquartile range falls almost entirely below 10 s with a median

near 5.6 s and no outliers above 15 s. DeepSeek and Mistral have overlapping distributions centred

around 15–20 s, with DeepSeek showing the single highest outlier (approximately 120 s), corre-

sponding to the Story 8 step 2 timeout that produced the premature arrival hallucination. LLaMA’s
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median latency was the highest of all four models at approximately 23 s, yet its output quality was

the lowest, confirming that additional inference time did not compensate for the model’s reliability

deficits.

Figure 4.5: LLM response latency distribution by model (seconds). Qwen’s median of 5.6 s is
approximately three times lower than DeepSeek and Mistral; LLaMA records both the highest
median and the weakest quality scores.

The keyword pass rate heatmap is included in Appendix D.1 (Figure D.1) for reference. It

confirms that DeepSeek, Mistral, and Qwen achieved a perfect keyword pass rate across all ten

stories, whilst LLaMA failed on six stories, all attributable to connection-issue non-responses.

4.2.4 Multi-Turn Results

4.2.4.1 Aggregate Statistics

Across the 40 multi-turn conversational test cases, the ConversationalGEval judge assigned

a pass to 35, yielding an overall pass rate of 87.5% and a mean score of 0.75. The average

conversation comprised 2.7 turns, reflecting the relatively terse structure of the ten evaluation

scenarios. The raw results are presented in this address2

4.2.4.2 Per-Model Comparison

Table 4.3 summarises the per-model multi-turn results, and Figure 4.6 illustrates the pass rate by

model. DeepSeek, Mistral, and Qwen all achieved a perfect pass rate of 100.0%, whilst LLaMA

passed only five of its ten conversations (50.0%). The three leading models are differentiated by

their mean scores: DeepSeek achieved the highest at 0.88, followed by Mistral at 0.86 and Qwen

at 0.85.
2https://drive.google.com/file/d/15QN6We6-frMWs9r6Mmec06Cfl2dQdvVp/view?usp=sha

ring

https://drive.google.com/file/d/15QN6We6-frMWs9r6Mmec06Cfl2dQdvVp/view?usp=sharing
https://drive.google.com/file/d/15QN6We6-frMWs9r6Mmec06Cfl2dQdvVp/view?usp=sharing
https://drive.google.com/file/d/15QN6We6-frMWs9r6Mmec06Cfl2dQdvVp/view?usp=sharing
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Table 4.3: Multi-turn Conversational Appropriateness results by model. Pass threshold: ≥ 0.5.
Avg turns is the mean number of turns per conversation.

Model Passed Total Pass Rate Avg Score Avg Turns

DeepSeek-R1-Distill-Qwen-32B 10 10 100.0% 0.88 2.8
Mistral-Small-3.1-24B-Instruct-2503 10 10 100.0% 0.86 2.7
Qwen2.5-72B-Instruct 10 10 100.0% 0.85 2.7
LLaMA-3.1-8B-Instruct 5 10 50.0% 0.40 2.7

Overall 35 40 87.5% 0.75 2.7

Figure 4.6: Multi-turn Conversational Appropriateness pass rate by model. DeepSeek, Mistral,
and Qwen each achieve a perfect pass rate; LLaMA passes only half of its conversational test
cases, with all failures driven by timeout non-responses.
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LLaMA’s five failures were concentrated in stories where the model produced [NO RESPONSE:

model timed out or failed to reply] turns: Stories 5, 6, 7, 9, and 10, which the judge

criteria explicitly penalised as never acceptable robot behaviour.

4.2.4.3 Per-Story Results

Table 4.4 reports the multi-turn results per story. Figure 4.7 shows the per-story pass rate, and the

score and pass/fail heatmaps in Figures 4.8 and 4.9 provide the full model-level breakdown.

Table 4.4: Multi-turn Conversational Appropriateness results by story, aggregated across all four
model configurations. Pass threshold: ≥ 0.5.

Story Scenario Cases Passed Avg Score Pass Rate

1 Navigation, landmark, arrival 4 4 0.75 100.0%
2 Group management, missing person 4 4 0.75 100.0%
3 Elevator transit 4 4 0.75 100.0%
4 Obstacle recovery, SOS escalation 4 4 0.80 100.0%
5 Turn Signal and LED Hardware Routing 4 3 0.70 75.0%
6 Safety refusal (negative test) 4 3 0.75 75.0%
7 Web search, weather query 4 3 0.725 75.0%
8 Conversation continuity 4 4 0.80 100.0%
9 Pause navigation command 4 3 0.70 75.0%

10 Multilingual request (Portuguese) 4 3 0.75 75.0%

Overall 40 35 0.75 87.5%

Figure 4.7: Multi-turn Conversational Appropriateness pass rate by story. Stories 1–4 and 8
achieve a perfect pass rate; Stories 5–7, 9, and 10 each record a single failure, in every case
attributable to LLaMA.

Stories 1, 2, 3, 4, and 8 achieved a perfect pass rate of 100.0%. Story 4 (obstacle recovery

and SOS escalation) and Story 8 (conversation continuity) obtained the highest mean scores at

0.80, indicating that complex multi-event sequences were handled with consistent quality across

all leading models. The contrast with the single-turn results for these same stories is instructive:

Story 4 recorded a single-turn pass rate of only 68.8% due to the bilingual obstacle step, yet
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achieved a 100.0% multi-turn pass rate because the judge evaluated the full session and found that

the overall interaction achieved its expected outcome despite the imperfect individual utterance.

Story 8’s 100.0% multi-turn pass rate is particularly notable given that DeepSeek’s premature

arrival hallucination was identified as a failure at the single-turn level. In the multi-turn context,

the judge evaluated the full six-turn conversation and found that it achieved the expected outcome

overall: the user was greeted by name, navigation was eventually confirmed, and the name was

correctly recalled, scoring it at 0.8 and noting the hallucination as a partial rather than a total

deduction. This illustrates precisely the complementarity between the two evaluation tiers: a

localised failure that is fatal at the utterance level may be recoverable at the session level, and the

two-tier design captures both verdicts.

Stories 5–7, 9, and 10 each recorded a pass rate of 75.0%, with a single failing case per

story. In every instance the failing case was LLaMA. Story 5’s failure (LLaMA, score 0.4) was

driven by a premature arrival announcement combined with a timeout-issue response. Story 6’s

failure (LLaMA, score 0.0) was the model citing connection issues rather than refusing the unsafe

command, which the judge correctly identified as a failure to fulfil the chatbot role. Stories 7, 9,

and 10 each scored 0.0 for LLaMA, all attributable to non-responses.

Figure 4.8: Mean multi-turn ConversationalGEval score per story and model. The three
leading models show a uniformly green heatmap; LLaMA’s failures in Stories 6, 7, 9, and 10 are
the only red cells.

4.2.4.4 Score Distribution

The multi-turn score distributions are shown in Figure 4.10. DeepSeek, Mistral, and Qwen have

narrow distributions concentrated around 0.8, with little inter-scenario variance. LLaMA’s distri-

bution spans the full range from 0.0 to 0.8, with a median substantially below the other three.
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Figure 4.9: Pass/fail heatmap for multi-turn evaluation. DeepSeek, Mistral, and Qwen pass every
story; LLaMA fails five stories, all driven by timeout non-responses.

Figure 4.10: Multi-turn ConversationalGEval score distribution by model. The three lead-
ing models cluster tightly around 0.8; LLaMA’s wide spread reflects the binary outcome of its
connection-issue failures (0.0) versus its adequate responses (0.6–0.8).
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4.2.5 Cross-Tier Comparison and Model Selection Signal

Table 4.5 consolidates the key metrics from both evaluation tiers for all four models.

Table 4.5: Summary of single-turn and multi-turn DeepEval results across all four model config-
urations.

Single-Turn Multi-Turn

Model Pass Rate Avg Score Avg Latency (s) Pass Rate Avg Score

Qwen2.5-72B-Instruct 95.7% 0.87 5.60 100.0% 0.85

DeepSeek-R1-Distill-Qwen-
32B

87.0% 0.82 18.47 100.0% 0.88

Mistral-Small-3.1-24B-
Instruct-2503

87.0% 0.86 17.50 100.0% 0.86

LLaMA-3.1-8B-Instruct 43.5% 0.40 23.23 50.0% 0.40

The two tiers produce a consistent ranking. The three leading models, DeepSeek, Mistral, and

Qwen, are separated from LLaMA by a margin that is unambiguous on every metric: pass rate,

mean score, and latency. LLaMA is therefore excluded from further consideration.

Within the leading group, the two tiers produce a nuanced picture. In the single-turn evalu-

ation, Qwen leads on both pass rate (95.7%) and latency (5.60 s), a factor of three faster than its

nearest competitors. In the multi-turn evaluation, all three models achieve an identical pass rate

of 100.0%, but DeepSeek leads marginally on mean score (0.88 versus 0.86 for Mistral and 0.85

for Qwen). The two tiers therefore agree that all three models are viable but point in slightly dif-

ferent directions: single-turn evaluation favours Qwen on both quality and responsiveness, whilst

multi-turn evaluation gives a slight edge to DeepSeek on holistic session quality. The interpreta-

tion of this divergence, and its integration with the general-population preference data reported in

Section 4.3, determines the selected model and is addressed in Chapter 5.

4.3 FEUP – General Population Evaluation

The second evaluation strand targeted a broad population with no specialist knowledge of FEUP,

assessing perceived interaction quality across the ten user-story scenarios. This strand is reported

after the DeepEval results so that the automated quality scores can be read alongside the human

preference data when interpreting model selection.

4.3.1 Form Design and Protocol

The evaluation form (form F.1) presented each of the ten scenarios in narrative form, accompanied

by side-by-side transcript panels showing the responses of two anonymised models, identified only

by letter. Evaluators were routed to one of two model pairings (A/C or B/C) based on the parity of

their birth date, ensuring balanced coverage across the three models under comparison (DeepSeek,
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Mistral, and Qwen, anonymised as A, B, and C respectively) without requiring any participant to

complete the full three-way comparison within a single session.

For each scenario, evaluators rated both models on three criteria using a five-point Likert scale:

clarity (ease of comprehension), precision (factual accuracy), and wait time (whether the response

latency was acceptably short). They then selected an overall per-scenario preference. The global

section asked which model appeared most suitable overall for a host robot role, requested separate

satisfaction ratings for each model on a five-point star scale, and asked evaluators to identify the

areas most in need of improvement from a predefined list covering precision, response speed,

clarity of language, neutrality of tone, and management of unexpected situations.

4.3.2 Results

4.3.2.1 Respondent Profile

The form received 46 completed responses. Evaluators were split evenly between the two com-

parison groups: 23 assessed DeepSeek against Qwen, and 23 assessed Mistral against Qwen. The

respondent profile, shown in Figure 4.11, skewed towards engineering and AI backgrounds: 17

respondents identified as engineering or AI students or professionals, 9 as FEUP students, 6 as

having knowledge of intelligent robotics, and 11 selected none of the above. The raw results are

presented in this address3

Figure 4.11: Respondent profile (multi-select). The majority of evaluators had an engineering or
AI background; 11 selected none of the listed categories.

4.3.2.2 Likert Scores per Dimension

Table 4.6 reports the overall mean Likert score per model per dimension, aggregated across all ten

stories.

Clarity and Accuracy scores are remarkably similar across all three models, with all means

at or above 4.57/5.0. No model was perceived as substantially clearer or more accurate than the

others by this population. The discriminating dimension is Wait time: Qwen achieved a mean

3https://drive.google.com/file/d/11lJC85OvVugCSU8qdvrlR0UVzwPI89gq/view?usp=shari
ng

https://drive.google.com/file/d/11lJC85OvVugCSU8qdvrlR0UVzwPI89gq/view?usp=sharing
https://drive.google.com/file/d/11lJC85OvVugCSU8qdvrlR0UVzwPI89gq/view?usp=sharing
https://drive.google.com/file/d/11lJC85OvVugCSU8qdvrlR0UVzwPI89gq/view?usp=sharing
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Table 4.6: Overall mean Likert scores per model per dimension (1 = strongly disagree, 5 = strongly
agree), aggregated across all ten evaluation stories. Qwen scores are combined across both com-
parison groups.

Model Clarity Accuracy Wait time

DeepSeek 4.72 4.63 3.49
Mistral 4.58 4.57 3.28
Qwen 4.73 4.68 4.62

of 4.62, compared with 3.49 for DeepSeek and 3.28 for Mistral, differences of +1.13 and +1.34

points respectively.

The per-story heatmaps in Figures 4.12 and 4.13 confirm that this pattern holds consistently

across all ten stories: Clarity and Accuracy columns are uniformly dark green for all three models,

whilst the Wait time column is noticeably lighter for DeepSeek and Mistral than for Qwen in every

story.

Figure 4.12: Mean Likert scores per story and dimension for DeepSeek (left) and Qwen (right), as
rated by the A vs C comparison group (n = 23). Clarity and Accuracy are comparable across both
models; the Wait time column is consistently greener for Qwen.

4.3.2.3 Wait-time as the Key Differentiator

Figure 4.14 shows the per-story wait-time scores for both comparisons side by side. Qwen’s wait-

time advantage over Models A and B is consistent across all ten stories without exception. A

Wilcoxon signed-rank test confirmed that Qwen’s wait-time scores are significantly higher than
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Figure 4.13: Mean Likert scores per story and dimension for Mistral (left) and Qwen (right), as
rated by the B vs C comparison group (n = 23). The same pattern holds: Wait time is the sole
dimension on which Qwen clearly differentiates itself.

both DeepSeek (stat = 11,322.0, p < 0.0001) and Mistral (stat = 16,605.5, p < 0.0001), reject-

ing the null hypothesis of no difference in both comparisons at α = 0.05. The mean wait-time

advantage is +1.07 points over DeepSeek and +1.40 points over Mistral, on a five-point scale.

Free-text comments corroborated this quantitative finding: the most frequently cited reason for

preferring Qwen was response speed, with several evaluators noting that the faster latency made

the interaction feel more natural and conversational.

Figure 4.14: Per-story wait-time acceptability scores for both comparison groups. Qwen (green)
consistently outscores DeepSeek (orange) and Mistral (red) on every story in both comparisons.
The dashed line marks the neutral midpoint (3.0).

The radar chart in Figure 4.15 summarises the three-dimensional profile of each model. All

three models occupy comparable positions on the Clarity and Accuracy axes, the separation is
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entirely on the Wait axis, where Qwen extends substantially further than both alternatives.

Figure 4.15: Overall dimension means per model on a radar chart. Qwen (green) and Models A
and B (orange and red) are nearly indistinguishable on Clarity and Accuracy; the Wait axis sepa-
rates them clearly.

4.3.2.4 Per-Story and Global Preference

Qwen won the per-story preference majority in all ten stories in both comparisons: 10/10 against

DeepSeek and 10/10 against Mistral. The per-story preference charts are provided in Appendix D.2

(Figures D.2 and D.3), for completeness, the story-level counts are summarised in Table 4.7.

Table 4.7: Global per-story preference vote counts for both comparison groups. Qwen won the
preference majority in all ten stories in both comparisons.

A vs C (n = 23) B vs C (n = 23)

Story A C No pref B C No pref

S1 6 16 1 1 22 0
S2 4 16 3 1 22 0
S3 7 13 3 4 15 4
S4 4 13 6 2 15 6
S5 6 14 3 0 19 4
S6 4 13 6 7 13 3
S7 1 19 3 2 16 5
S8 2 18 3 3 17 3
S9 8 12 3 4 13 6

S10 5 14 4 2 15 6
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The global preference question: which model appeared most suitable overall for a host robot

role, produced an equally unambiguous result, illustrated in Figure 4.16. In the A vs C group, 18

of 23 respondents selected Qwen, 3 selected DeepSeek, and 2 expressed no preference. In the

B vs C group, 22 of 23 respondents selected Qwen, with only 1 selecting Mistral.

Figure 4.16: Global preference counts for both comparison groups. Qwen was selected as most
suitable for the host robot role by 18/23 respondents in the A vs C group and 22/23 in the B vs C
group.

4.3.2.5 Overall Satisfaction

Overall satisfaction ratings, shown in Figure 4.17, follow the same ordering. Qwen achieved a

mean satisfaction score of 4.70/5 (SD = 0.47, n = 46), substantially above DeepSeek at 3.87/5

(SD = 0.87, n = 23) and Mistral at 3.52/5 (SD = 0.90, n = 23). The narrow standard deviation for

Qwen indicates that its high satisfaction rating was consistent across evaluators, whilst Models A

and B showed greater variance, suggesting that their performance was perceived more unevenly

across scenarios.

Figure 4.17: Overall satisfaction per model (±SD). Qwen achieves the highest mean (4.70/5) with
the narrowest spread; Models A and B are rated lower and with greater variance.
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4.3.2.6 Areas Needing Improvement

The improvement area selections reinforce the wait-time finding from a different angle. Response

speed was the most frequently cited area for improvement for both DeepSeek (20 votes) and Mis-

tral (19 votes), whilst for Qwen it received only 5 votes. For Qwen, the most cited areas were

response speed (5), information accuracy (4), and tone/naturalness (4), none of which reached

double figures. Notably, 26 of the 46 respondents who evaluated Qwen selected None, satis-

fied, indicating that the majority perceived no area requiring significant improvement. The full

improvement area chart is included in Appendix D.2 (Figure D.4).

4.3.3 Model Selection

The general-population evaluation produces an unambiguous outcome: Qwen (Qwen2.5-72B-

Instruct) is the selected model. It won the per-story preference majority in all twenty story

comparisons across both groups, was chosen as globally most suitable by 40 of 46 respondents,

achieved the highest mean satisfaction (4.70/5), and was the only model for which a majority

of evaluators reported no areas requiring improvement. These results are fully consistent with

the DeepEval automated evaluation, in which Qwen led the single-turn evaluation on both pass

rate (95.7%) and latency (5.60 s). The slight multi-turn mean score advantage for DeepSeek (0.88

versus 0.85 for Qwen) is not sufficient to override the convergent evidence from human evaluation,

which assigns a decisive preference to Qwen on every measure. All subsequent evaluation strands

reported in this chapter were conducted using Qwen2.5-72B-Instruct as the selected model.

4.4 FEUP – InfoDesk Staff Evaluation

The third evaluation strand targeted FEUP InfoDesk staff: the personnel who field the highest vol-

ume of real visitor queries on campus daily, and who therefore represent the most informed judges

of factual correctness and response appropriateness for this specific deployment context. All in-

teractions evaluated in this strand were generated using the model identified as best-performing in

Sections 4.2 and 4.3.

4.4.1 Form Design and Protocol

Two successive evaluation forms (forms F.2 and F.2) were administered. The first form presented

evaluators with 18 recorded robot interactions drawn from the most common query categories

reported by InfoDesk staff: room and building location, opening hours and services such as the

library and treasury. Each interaction displayed the user query, the robot’s response, and the

measured response time (generation plus speech duration). Evaluators rated each interaction on

the same three Likert criteria used in the general-population form: clarity, precision, and wait

time. An optional free-text field invited observations on any detected errors or imprecisions. The

global section asked for an overall satisfaction rating on a five-point scale and invited evaluators

to identify the areas most in need of improvement. Evaluators were also asked whether they
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perceived an improvement from the first to the second set of responses, providing a direct measure

of the iterative refinement cycle’s effectiveness.

The second form was constructed in direct response to the first-round feedback. It retained

only the interactions that had received the weakest precision ratings and paired them with revised

robot responses generated after targeted updates to the knowledge base.

4.4.2 Iterative Refinement Cycle

Analysis of the first-round responses identified a subset of interactions for which precision ratings

were consistently low. These clustered around two categories: queries requiring exact room num-

bering (e.g. the treasury, toilets by building, and event check-in facilities) and queries involving

opening hours for specific services. As visible in Figure 4.21, the five interactions with the weak-

est accuracy ratings were Q2 (mean 2.50), Q8 (mean 2.50), Q13 (mean 1.00), Q15 (mean 2.50),

and Q16 (mean 2.50). Free-text comments from evaluators confirmed the root cause in each case:

Q13 was missing the correct room number for the treasury (B036); Q14 lacked the room identifier

for a specific office (I012A); Q15 contained an incomplete bathroom location; and Q16 referenced

building sections under names that on a daily basis are not used. In all cases, the root cause was

identified as a knowledge gap rather than a model failure: the relevant records were either absent

from, or incompletely stated in, the FAISS index.

The resolution required no modification to the execution pipeline. The data maintenance
pipeline was used to incorporate the corrected information provided directly by the InfoDesk

staff, adding and updating the affected records in the FAISS index without requiring the full data
ingestion pipeline to be re-run. The corrected records were embedded and inserted within min-

utes, with no downtime and no modification to the conversational system. The eleven interactions

that had scored lowest in the first round: Q2, Q3, Q5, Q6, Q8, Q9, Q12, Q13, Q14, Q15, and Q16,

were then re-executed against the updated knowledge base and included in the second form.

This cycle demonstrates directly what the three-pipeline architecture enables in practice: the

execution pipeline, the Planner– Critic agentic loop, remains entirely untouched, knowledge cor-

rections propagate to the system through a data operation alone.

4.4.3 Results

4.4.3.1 Form 1: First-Round Evaluation

The first form was completed by two InfoDesk staff members, covering 18 interactions and pro-

ducing 108 Likert ratings across three dimensions. Table 4.8 summarises the aggregate scores per

dimension, and Figure 4.18 shows the mean rating with standard deviation. The raw results are

available at this address4

Clarity and Accuracy were rated above the neutral midpoint (3.0) at 3.64 and 3.56 respectively,

indicating that the robot’s responses were generally comprehensible and factually adequate for the

4https://drive.google.com/file/d/1cP5ySzUos57vywJES_TlM4uv6oh9vbgF/view?usp=shari
ng

https://drive.google.com/file/d/1cP5ySzUos57vywJES_TlM4uv6oh9vbgF/view?usp=sharing
https://drive.google.com/file/d/1cP5ySzUos57vywJES_TlM4uv6oh9vbgF/view?usp=sharing
https://drive.google.com/file/d/1cP5ySzUos57vywJES_TlM4uv6oh9vbgF/view?usp=sharing
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Table 4.8: Form 1: aggregate Likert scores per evaluation dimension (1 = strongly disagree, 5 =
strongly agree, n = 36 ratings per dimension).

Dimension Mean Median SD Min Max

Clarity 3.64 4.0 1.36 1 5
Accuracy 3.56 4.0 1.36 1 5
Wait time OK 2.72 2.5 1.06 1 5

majority of interactions. Wait time was the most negatively rated dimension, with a mean of 2.72

and a distribution skewed towards disagreement, as shown in Figure 4.19: 50% of wait-time ratings

were in the Disagree or Strongly disagree range, compared with 25% for Clarity and Accuracy.

Overall satisfaction for Form 1 was 2.00/5 (both evaluators assigned a score of 2), reflecting the

evaluators’ expert awareness of the factual gaps identified through their comments.

The per-interaction heatmap in Figure 4.20 reveals that positive and negative ratings were not

distributed uniformly across questions. Interactions Q1, Q7, Q9, Q10, Q11, Q12, Q17, and Q18

received strong clarity and accuracy scores (mean ≥ 4.0 on both dimensions). The interactions

that dragged the aggregate down were concentrated in four questions: Q13 (accuracy 1.0, the

lowest in the entire form), Q15 (clarity 1.5, accuracy 2.5), Q16 (clarity 1.5), and Q2 (clarity 2.5,

accuracy 2.5). Figure 4.21 shows the accuracy scores per question in isolation, making the bimodal

distribution visible: the majority of interactions score above 3.5, whilst the four outliers fall at or

below 2.5.

The latency scatter plot in Figure 4.22 shows no strong linear relationship between response

latency and perceived wait-time acceptability across the 18 interactions. Several interactions with

the highest latencies (Q14, Q15 at approximately 14–15 s) received very low wait-time scores, as

expected, however, some lower-latency interactions (Q1, Q2 at approximately 5 s) also received

low wait-time scores, suggesting that evaluators’ wait-time judgements were influenced by con-

textual factors beyond pure latency.

The improvement areas selected by evaluators were response speed, clarity of language, and

all questions for which corrective comments were provided, confirming that both latency and

Figure 4.18: Form 1: mean Likert rating per dimension (±SD). Clarity and Accuracy are above
the neutral midpoint (3.0). Wait time is the weakest dimension at 2.72, falling below neutral.
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Figure 4.19: Form 1: stacked Likert distribution per dimension. Wait time is the most negatively
rated dimension, with 50% of responses in the disagree range. Clarity and Accuracy show pre-
dominantly positive distributions for most interactions.

Figure 4.20: Form 1: mean Likert score per interaction and dimension . The four lowest-scoring
interactions (Q13, Q15, Q16, and Q2) are immediately visible as the red cells in the Accuracy
column.
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Figure 4.21: Form 1: mean Accuracy score per interaction. The bimodal pattern is clear: the
majority of interactions score above 3.5, whilst Q2, Q8, Q13, Q15, and Q16 fall at or below 2.5.
Q13 received the lowest accuracy score in the entire form (1.0).

Figure 4.22: Form 1: response latency versus mean wait-time acceptability score per interaction.
No strong linear relationship is observed; low wait-time scores at short latencies (Q1, Q2) suggest
that perceived wait-time acceptability is influenced by response quality as well as raw response
speed.
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knowledge-base completeness were perceived as the primary deficiencies of the first-round re-

sponses.

4.4.3.2 Form 2: Second-Round Evaluation

The second form covered the eleven interactions that had received the weakest first-round rat-

ings (Q2, Q3, Q5, Q6, Q8, Q9, Q12, Q13, Q14, Q15, Q16), all re-executed against the updated

knowledge base. The same two evaluators participated, producing 66 Likert ratings. Table 4.9 and

Figure 4.23 summarise the results. The raw results are available at this address5

Table 4.9: Aggregate Likert scores per dimension for the eleven revised interactions, before and
after the knowledge-base update (n = 22 ratings per dimension).

Dimension Form 1 Mean Form 2 Mean ∆

Clarity 3.14 4.18 +1.04
Accuracy 2.95 4.09 +1.14
Wait time OK 2.45 4.18 +1.73

Figure 4.23: Before-versus-after comparison across all three dimensions for the eleven revised
interactions. Green bars (Form 2) are predominantly higher than orange bars (Form 1) across all
three dimensions, with the most pronounced improvements in Accuracy for Q13, Q14, Q15, and
Q16.

All three dimensions improved substantially in Form 2. Accuracy rose from a Form 1 mean of

2.95 for the revised subset to 4.09 after the update, Clarity rose to 4.18 and Wait time to 4.18, the

latter representing the most striking improvement given that it was the weakest dimension in the

first round. The Form 2 heatmap in Figure 4.24 is predominantly green, in contrast to the mixed

heatmap of Form 1.

The per-question accuracy improvements are reported in Table 4.10. The four interactions

that had driven the first-round average down most severely showed the largest gains: Q13 im-

proved from 1.00 to 4.50 (∆ = +3.50), Q15 from 2.50 to 5.00 (∆ = +2.50), Q14 from 3.00 to

5.00 (∆ =+2.00), and Q16 from 2.50 to 4.50 (∆ =+2.00). Two interactions showed no improve-

ment or a decline: Q9 remained unchanged at 4.50, and Q12 decreased from 4.00 to 2.50. The

5https://drive.google.com/file/d/1KzkLCW8KSCw72KvBIXYBg129vc_if5LO/view?usp=shari
ng

https://drive.google.com/file/d/1KzkLCW8KSCw72KvBIXYBg129vc_if5LO/view?usp=sharing
https://drive.google.com/file/d/1KzkLCW8KSCw72KvBIXYBg129vc_if5LO/view?usp=sharing
https://drive.google.com/file/d/1KzkLCW8KSCw72KvBIXYBg129vc_if5LO/view?usp=sharing


Results 74

Figure 4.24: Form 2: mean Likert score per revised interaction and dimension. The heatmap is
predominantly green, in sharp contrast to the mixed pattern of Form 1 for the same questions. Q12
is the only interaction that remains below 3.0 on Accuracy.

Q12 decline was accompanied by free-text comments from both evaluators indicating that the up-

dated response cited incorrect opening hours for the Academic Services office, suggesting that the

corrected record introduced a new factual error in place of the original one.

Overall satisfaction rose from 2.00/5 in Form 1 to 3.00/5 in Form 2, with both evaluators

assigning a score of 3. The perceived improvement question: “Do you consider there was im-

provement from the first to the second set of responses?” received a mean score of 4.00/5 (both

evaluators scored 4), indicating clear agreement that the second-round responses were better, as

shown in Figure 4.25.

Figure 4.25: Perceived improvement rating (Form 1→ Form 2), on a 1–5 scale. Both evaluators
scored 4 (Agree), yielding a mean of 4.00/5.

The improvement areas cited in Form 2 were response speed, information accuracy, and clarity
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Table 4.10: Accuracy score before and after knowledge-base update for each revised interaction.
∆ = Form 2 − Form 1.

Question Form 1 Form 2 ∆

Q2 2.50 3.50 +1.00
Q3 3.00 4.50 +1.50
Q5 3.50 3.00 −0.50
Q6 3.50 5.00 +1.50
Q8 2.50 3.00 +0.50
Q9 4.50 4.50 +0.00
Q12 4.00 2.50 −1.50
Q13 1.00 4.50 +3.50
Q14 3.00 5.00 +2.00
Q15 2.50 5.00 +2.50
Q16 2.50 4.50 +2.00

Mean 3.09 4.09 +1.00

of language, the same three areas identified in Form 1, indicating that whilst the knowledge-base

update resolved the most severe factual errors, the evaluators continued to perceive latency and

linguistic naturalness as areas requiring further development. The eight free-text comments in

Form 2 were predominantly minor: requests to avoid specifying floor numbers for multi-floor

buildings (Q2, Q5), a note that the museum has no opening hours (Q8), and corrections to the

Academic Services attendance schedule (Q12).

4.5 INESC TEC Results

4.5.1 Context and Purpose

The INESC TEC-IILab validation, described in Section 3.8.5, serves a purpose distinct from the

FEUP-based evaluations reported earlier in this chapter. Whilst the DeepEval, general-population,

and InfoDesk strands assess the quality of the system’s conversational and reasoning behaviour, the

INESC TEC evaluation assesses a different property entirely: whether the architecture itself, the

agentic core, the FAISS retrieval pipeline, the Planner–Critic loop, and the navigation interface,

operates correctly when deployed against a campus environment and physical robotic hardware

it was not originally designed around. This section reports two complementary demonstrations

conducted at INESC TEC: a simulated run validating the software stack against an unfamiliar

knowledge base and map topology, and two physical deployments in which the same conversa-

tional system commands real, independently-operated mobile robot platforms in real time.

4.5.2 Simulator Demonstration

The first demonstration was conducted entirely within simulation, using the same software stack

validated against the FEUP campus, configured with the selected model, Qwen2.5-72B-Instr-



Results 76

uct. No changes were made to the agentic core, the tool registry, or the Planner–Critic evalua-

tion logic. The only modification required for this environment was the substitution of the FEUP

FAISS index with a knowledge base populated with INESC TEC-IILab location records, includ-

ing a set of numbered navigation destinations consistent with the simulator’s map topology. The

robot was tasked with a direct navigation request to a numbered destination within the simulated

facility.

A screen recording of this demonstration is available at this address6.

The recording shows the complete agentic loop executing against the INESC TEC environ-

ment without any architectural modification. Upon receiving the request “Hello, take me to Des-

tination 50 please!”, the system immediately issues the synchronous spoken acknowledgement

described in Section 3.4.1 before any inference call begins, bridging the perceptible gap between

the user’s utterance and the start of the Planner’s reasoning. The Planner then proposes a draft plan

invoking search_memory with the query “Destination 50”, which returns an exact keyword

match for the requested destination alongside five semantically related alternatives (Destinations

60, 52, 57, 65, and 49) retrieved from the INESC TEC knowledge base. The Planner finalises a

plan invoking skill_announce_and_navigate with the resolved destination and a spoken

confirmation, “I am heading to Destination 50.” The Safety Critic evaluates and approves the pro-

posed skill invocation, the plan is executed, the spoken confirmation is delivered, the expressive

LED face transitions to an approval emotion state, and the navigation goal is published, with the

system confirming that navigation to Destination 50 started successfully. The robot’s icon visibly

proceeds along the corresponding path on the map in the Robot Visualization (RViz) visualisation.

This sequence is procedurally identical to the equivalent interaction at FEUP: the same draft-

plan-then-finalise reasoning structure, the same hybrid keyword-and-semantic retrieval behaviour,

the same Critic-approval step before execution, and the same skill-based navigation invocation are

all observed without any code change. The only environment-specific element in the entire trace

is the content of the retrieved records themselves, drawn from the INESC TEC index rather than

the FEUP one.

4.5.3 Physical Robot Demonstrations

Beyond the simulated run, two additional demonstrations were conducted with the conversational

system controlling real, physical mobile robot platforms, figure 4.26 on the INESC TEC-IILab.

Unlike the simulator demonstration, these recordings show actual robot hardware changing posi-

tion in real time in direct response to navigation requests. The two demonstrations were conducted

on two different physical robot platforms, each operating on its own map of the facility, provid-

ing evidence that the architecture’s navigation interface generalises not only across institutional

knowledge bases but across distinct robotic hardware.

6https://drive.google.com/file/d/1AGKqRX_MO603wZSzI2htQp5iFyQJ6USM/view?usp=drive
_link

https://drive.google.com/file/d/1AGKqRX_MO603wZSzI2htQp5iFyQJ6USM/view?usp=drive_link
https://drive.google.com/file/d/1AGKqRX_MO603wZSzI2htQp5iFyQJ6USM/view?usp=drive_link
https://drive.google.com/file/d/1AGKqRX_MO603wZSzI2htQp5iFyQJ6USM/view?usp=drive_link
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Figure 4.26: INESC TEC physical mobile robots

In the first physical demonstration, the request “Hello, take me to destination 309 please”

was issued. Following the synchronous acknowledgement (“Let me think about that for a mo-

ment...”), the system resolved the request and responded “I am heading to Destination 309.”, with

the expressive LED face turning green and the audio intensity visualisation tracking the synthe-

sised speech in real time. The robot visibly began moving towards Destination 309 immediately

following the spoken confirmation. The operator then issued a follow-up request, “now take me

to 307 please”, exercising the system’s ability to resolve a second destination from a shorthand

numeric reference alone, without repeating the full phrasing of the first request. The system again

acknowledged, resolved the new destination against the INESC TEC knowledge base, responded

“I am heading to Destination 307.”, and the robot changed course and proceeded towards the new

destination, visibly completing the goal in real physical space.

In the second physical demonstration, conducted on a different robot platform operating on a

separate map of the facility, the request “Hello, take me to Destination 307 please!” was issued,

to which the system responded “I am heading to Destination 307.”, and the robot moved towards

the corresponding location. A second follow-up request, “now take me to 305”, was resolved

identically, with the system responding “I am heading to Destination 305.” and the robot changing

its course accordingly.
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Recordings of both physical demonstrations are available at these addresses: first robot (Des-

tinations 309 and 307)7 and second robot (Destinations 307 and 305)8.

Both demonstrations reproduce the same draft-plan-then-finalise reasoning sequence, hybrid

retrieval behaviour, and Critic-gated execution observed in the simulator demonstration and through-

out the FEUP evaluation, with the critical difference that the navigation goals published by the sys-

tem result in observable motion of real robotic hardware rather than a simulated path update. No

component of the conversational or agentic software stack was modified between the FEUP eval-

uation, the INESC TEC simulator demonstration, and these two physical robot deployments. The

only environment-specific elements across all three settings are the populated knowledge base and

the navigation interface’s destination mapping, exactly the data-level adaptation the three-pipeline

architecture is designed to require.

4.6 VoIP Escalation Demonstration

4.6.1 Context and Purpose

The VoIP escalation mechanism, described in Section 3.5.3, is the component of the system that

cannot be validated by the simulation-based evaluation framework. The Pygame simulator verifies

that the call_help tool is invoked at the correct point in the agentic loop and that the Planner

produces an appropriate spoken acknowledgement, but it cannot verify that a real telephone call

is placed, answered, and completed with the correct dynamically generated content. This section

presents a physical demonstration of the full VoIP escalation sequence on the deployed platform,

constituting direct empirical evidence that the end-to-end telephony integration functions as spec-

ified.

4.6.2 Demonstration Setup

The demonstration was conducted on the simulated Pygame environment and the robot was posi-

tioned in Building B, floor 0, room B004, with an active navigation goal set to the library. This

state corresponds to the escalation trigger condition: the robot has a live navigation context and is

unable to proceed autonomously, requiring human assistance. The call_help tool was invoked

directly, bypassing the three-replan threshold that would trigger it in normal operation, in order to

isolate the telephony component for demonstration purposes. The target extension was a physical

telephone registered on the local Asterisk SIP proxy.

7https://drive.google.com/file/d/1Kr_Zd9zU0WoLejV4bAYt_XBya-18Ab16/view?usp=dri
ve_link

8https://drive.google.com/file/d/1KggSsLzL9XAAKOsRti0AKjEPtBwev12d/view?usp=drive
_link

https://drive.google.com/file/d/1Kr_Zd9zU0WoLejV4bAYt_XBya-18Ab16/view?usp=drive_link
https://drive.google.com/file/d/1Kr_Zd9zU0WoLejV4bAYt_XBya-18Ab16/view?usp=drive_link
https://drive.google.com/file/d/1KggSsLzL9XAAKOsRti0AKjEPtBwev12d/view?usp=drive_link
https://drive.google.com/file/d/1Kr_Zd9zU0WoLejV4bAYt_XBya-18Ab16/view?usp=drive_link
https://drive.google.com/file/d/1Kr_Zd9zU0WoLejV4bAYt_XBya-18Ab16/view?usp=drive_link
https://drive.google.com/file/d/1KggSsLzL9XAAKOsRti0AKjEPtBwev12d/view?usp=drive_link
https://drive.google.com/file/d/1KggSsLzL9XAAKOsRti0AKjEPtBwev12d/view?usp=drive_link
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Figure 4.27: VoIP call

4.6.3 Results

The screen recording of the following demonstration (Figure 4.27 is available at this address9.

The recording shows the receiving telephone ringing, the call being answered, and the follow-

ing Portuguese-language announcement being played to the recipient in full:

“Bom dia, daqui fala o robô anfitrião. Necessito de assistência. Encontro-me no

edifício B, piso 0, sala B004 e estava a tentar guiar um utilizador até à biblioteca.”

The announcement was generated at call time from the robot’s live location state via the Piper

TTS engine and streamed to the recipient over the established SIP connection. The content is not

pre-recorded: it is synthesised dynamically from the /robot/current_location telemetry

and the active GoalStack destination at the moment call_help is invoked, meaning that the

building, floor, room, and navigation destination embedded in the message reflect the robot’s actual

physical state rather than a fixed script.

The demonstration confirms the following components of the VoIP integration functioning

end-to-end on the physical platform: SIP registration with the local Asterisk proxy, outbound call

establishment to a real telephone extension, real-time TTS synthesis of a location-aware message,

audio streaming over the live call via pyVoIP, successful playback to the recipient, and graceful

call termination after message completion. No component of this sequence is simulatable within

the Pygame evaluation framework, and the recording therefore provides a category of evidence

that is unavailable from any other strand of the evaluation.

9https://drive.google.com/file/d/1jYXXg-pIMLxwGOfhRuUlxnI_ycyIV3GX/view?usp=dri
ve_link

https://drive.google.com/file/d/1jYXXg-pIMLxwGOfhRuUlxnI_ycyIV3GX/view?usp=drive_link
https://drive.google.com/file/d/1jYXXg-pIMLxwGOfhRuUlxnI_ycyIV3GX/view?usp=drive_link
https://drive.google.com/file/d/1jYXXg-pIMLxwGOfhRuUlxnI_ycyIV3GX/view?usp=drive_link
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4.7 Ablation Study Results

The ablation study isolates the individual contribution of the Safety Critic and the RAG retrieval

mechanism by selectively disabling each component and re-running the full ten-story evaluation

suite with the selected model, Qwen2.5-72B-Instruct, as the Planner.

4.7.1 Overall Pass Rate

Table 4.11 and Figure 4.28 summarise the aggregate pass rate across the three conditions. The

Baseline configuration, with both components active, achieved a perfect pass rate of 100.0%. Dis-

abling the Critic reduced the pass rate to 87.9%, whilst disabling RAG produced a larger degrada-

tion, to 75.8%.

Table 4.11: Overall pass rate per ablation condition, aggregated across all ten stories (33 checks
per condition).

Condition Passed Total Pass Rate

Baseline 33 33 100.0%
No Critic 29 33 87.9%
No RAG 25 33 75.8%

Figure 4.28: Overall pass rate (left) and average total story duration (right) per ablation condition.
Removing either component degrades pass rate and increases duration relative to the Baseline; the
effect of removing RAG is larger on both measures.

4.7.2 Per-Story Degradation

Table 4.12 shows that the two ablations affect different, partially overlapping subsets of stories.

Six of the ten stories remain unaffected by either ablation. Removing the Critic degrades only

Story 3 and Story 4, whilst removing RAG degrades a wider set: Stories 2, 3, 4, and 5. Story 3 is

the only story degraded by both ablations, and is more severely affected by the removal of RAG

(33.3%) than by the removal of the Critic (50.0%).
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Table 4.12: Stories with degraded pass rate relative to Baseline, per ablation condition.

Story Baseline No Critic No RAG

Story 2 100.0% 100.0% 60.0%
Story 3 100.0% 50.0% 33.3%
Story 4 100.0% 80.0% 80.0%
Story 5 100.0% 100.0% 66.7%

4.7.3 Latency Impact

Table 4.13 reports the mean LLM latency per response and mean total story duration for each

condition. Removing the Critic increased mean latency from 5.70 s (Baseline) to 11.18 s, a 96%

increase, whilst removing RAG produced the largest increase, to 15.16 s, a 166% increase. The

same ordering holds for total story duration, with No RAG also showing the widest variance.

Table 4.13: Mean LLM latency per response and mean total story duration per ablation condition.

Condition Mean Latency (s) SD (s) Mean Duration (s) SD (s)

Baseline 5.70 3.73 20.86 9.54
No Critic 11.18 8.23 35.79 16.48
No RAG 15.16 11.98 57.00 45.41

4.7.4 DeepEval Ablation Study

To complement the keyword-based ablation reported above, the same Critic-removal and RAG-

removal conditions were re-evaluated using the full DeepEval pipeline, applying the same GEval

and ConversationalGEval judges used throughout Section 4.2, with the selected model,

Qwen2.5-72B-Instruct, as the Planner. This isolates the contribution of the Critic and RAG

not on whether the system produced the behaviourally expected output, but on whether the result-

ing responses remain contextually appropriate and conversationally coherent once judged qualita-

tively rather than by token presence. The Baseline figures throughout this section are the unablated

Qwen results already reported in Table 4.1 and Table 4.3.

4.7.4.1 Single-Turn Results

Table 4.14 reports the aggregate single-turn results. Removing the Critic reduced the GEval pass

rate from 95.7% (Baseline) to 60.9%, a drop of 34.8 percentage points, and reduced the mean score

from 0.87 to 0.59. Removing RAG produced an even larger degradation, to a pass rate of 52.2%

and a mean score of 0.50, a drop of 43.5 percentage points relative to Baseline. Both ablations

also substantially increased mean response latency, from 5.60 s at Baseline to 11.06 s without the

Critic and 14.92 s without RAG.

The gap between the keyword pass rate and the GEval pass rate under each ablation is itself

informative. Without the Critic, 87.0% of responses still contain the expected keyword whilst only
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Figure 4.29: Pass rate per story across the three ablation conditions. Six stories are unaffected by
either ablation; Stories 2, 3, 4, and 5 show measurable degradation when one or both components
are removed.

Figure 4.30: Mean LLM latency per response per ablation condition, with standard deviation.
Removing either component increases both mean latency and variance, with the effect of removing
RAG being the largest.

Figure 4.31: Mean LLM latency per story across the three ablation conditions. Story 7 shows the
largest absolute latency increase under both ablations, rising from 11.41 s at Baseline to 41.04 s
with the Critic removed and 50.42 s with RAG removed.
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Table 4.14: Single-turn GEval results for Qwen2.5-72B-Instruct across the Baseline, No
Critic, and No RAG conditions. Baseline figures are reproduced from Table 4.1.

Condition Pass Rate Avg Score Avg Latency (s) Keyword Pass Rate

Baseline 95.7% 0.87 5.60 100.0%
No Critic 60.9% 0.59 11.06 87.0%
No RAG 52.2% 0.50 14.92 91.3%

60.9% are judged contextually appropriate, and without RAG, 91.3% pass the keyword check

whilst only 52.2% pass GEval. This is a substantially wider keyword-versus-judge gap than

observed in the main evaluation, where the same two metrics differ by only a few percentage

points for the leading models, confirming that the two ablated conditions do not simply produce

fewer correct responses, they produce responses that are superficially compliant but substantively

unfounded or fabricated at a far higher rate than the full architecture.

Table 4.15 reports the per-story pass rate for both ablations. Six of the ten stories are unaffected

or near-unaffected by either ablation (Stories 5, 6, 8, and 10 retain high pass rates throughout),

whilst Stories 3, 7, and 9 collapse to 0–25% under both conditions, and Story 4 is more severely

affected by RAG removal (25.0%) than by Critic removal (50.0%).

Table 4.15: Single-turn GEval pass rate per story for Qwen2.5-72B-Instruct under the No
Critic and No RAG ablation conditions.

Story No Critic No RAG

Story 1 66.7% 66.7%
Story 2 100.0% 66.7%
Story 3 25.0% 25.0%
Story 4 50.0% 25.0%
Story 5 100.0% 100.0%
Story 6 100.0% 100.0%
Story 7 0.0% 0.0%
Story 8 66.7% 66.7%
Story 9 0.0% 0.0%
Story 10 100.0% 100.0%

Without RAG, the fabrication failure mode becomes pronounced and explicit. The tests

flagged several "No RAG" cases with locations, such as “Business School” on Story 2 or “Parc

Auto Coronel Pacheco” for Story 4’s parking request, which do not exist in the FEUP campus

and are, therefore, confabulated. This directly confirms that the Planner, deprived of retrieval,

reverts to producing plausible-sounding but invented place names, rather than declining to answer.

Both ablations, the removal of Critic and RAG, also reproduce Story 9’s contradictory stop-and-

navigate behaviour seen in the main evaluation, and both record an outright non-response for

Story 4’s bilingual obstacle step under the No Critic condition, indicating that removing the Critic

does not only remove a safeguard against unsafe actions, it also removes a corrective mechanism

that, in the full architecture, appears to help the Planner recover from incomplete tool sequences.
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Figure 4.32: Mean LLM latency per answer (±SD) under the No Critic and No RAG conditions,
as measured by the DeepEval single-turn harness. The wider variance under No RAG reflects the
system’s reliance on retrieval to terminate the Planner’s reasoning loop efficiently.

Figure 4.33: Mean single-turn GEval score per story under the No Critic and No RAG conditions.
Stories 3, 7, and 9 are red under both ablations; the two conditions diverge most visibly on Story 2
and Story 4.
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4.7.4.2 Multi-Turn Results

Table 4.16 reports the aggregate multi-turn results. Both ablations reduce the Conversational

GEval pass rate from 100.0% (Baseline) to 80.0%, an identical 20 percentage point drop for both

conditions. The mean scores diverge only marginally from Baseline (0.85): 0.72 without the Critic

and 0.74 without RAG, a substantially smaller relative degradation than observed at the single-turn

level.

Table 4.16: Multi-turn ConversationalGEval results for Qwen2.5-72B-Instruct across
the Baseline, No Critic, and No RAG conditions. Baseline figures are reproduced from Table 4.3.

Condition Pass Rate Avg Score

Baseline 100.0% 0.85
No Critic 80.0% 0.72
No RAG 80.0% 0.74

Figure 4.34: Overall multi-turn ConversationalGEval pass rate (left) and mean score (right)
under the No Critic and No RAG conditions. Both ablations converge on an identical 80.0% pass
rate, whilst the mean score is marginally lower without the Critic.

Table 4.17 shows that the two ablations fail on exactly the same two stories, Story 3 and

Story 4, under both conditions, each scoring 0.4. This convergence is itself a finding: at the session

level, the same two scenarios, elevator transit with floor verification and obstacle recovery with

secretariat escalation, are the ones where the full architecture’s safeguards matter most, regardless

of which safeguard is removed.
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Table 4.17: Multi-turn ConversationalGEval score per story for Qwen2.5-72B-Instruct
under the No Critic and No RAG ablation conditions.

Story No Critic No RAG

Story 1 0.8 1.0
Story 2 0.6 0.6
Story 3 0.4 0.4
Story 4 0.4 0.4
Story 5 1.0 0.8
Story 6 1.0 1.0
Story 7 0.8 0.6
Story 8 0.8 0.8
Story 9 0.8 0.8
Story 10 0.6 1.0

Figure 4.35: Mean multi-turn ConversationalGEval score per story under the No Critic and
No RAG conditions. Stories 3 and 4 are the only cells below 0.5 in either column, converging on
an identical score (0.4) regardless of which component is removed.



Chapter 5

Discussion

This chapter interprets and contextualises the results presented in Chapter 4, situating them within

the research questions introduced in Chapter 1 and the literature reviewed in Chapter 2.

5.1 Chapter Overview

This chapter interprets and contextualises the results presented in Chapter 4, drawing together the

seven evaluation strands (A to G) into a coherent account of what the system achieves, where it

falls short, and what the evidence implies for the broader research questions and for the field. The

chapter is organised thematically rather than strand by strand, because the most important findings

emerge precisely from the relationships between evaluation tiers, not from any single result in

isolation. Section 5.2 examines the two-tier DeepEval evaluation design as a methodological

contribution in its own right. Section 5.3 synthesises the automated and human evaluation signals

to justify and contextualise the model selection decision. Section 5.4 discusses what the results

collectively reveal about the three-pipeline architecture, the Planner–Critic loop, and the VoIP

escalation mechanism as system-level contributions. Section 5.5 addresses the RAG grounding

evidence. Section 5.6 discusses the principal limitations of the work.

5.2 The Evaluation Framework as a Methodological Contribution

5.2.1 The Value of Discordant Cases

The most important outputs of the DeepEval evaluation layer (strand A) are not the aggregate pass

rates but the twelve cases where the two tiers disagree: ten cases that pass the keyword assertion

whilst failing GEval, and two that fail the assertion whilst passing GEval. These discordant

cases constitute the empirical justification for the dual-tier design, because they are precisely the

cases where a single evaluation instrument would have produced the wrong verdict, and where the

correct verdict requires the two instruments together.

The first and most safety-relevant is the premature state hallucination: DeepSeek’s Story 8

response announced arrival at Room A005 immediately upon receiving the navigation request,

87
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before any arrival event had been published by the navigation system. The keyword a005 was

present, so the assertion passed, but the GEval judge, given the triggering context, correctly scored

the response at 0.0. A system evaluated solely by keyword assertions would record this as a pass

and deploy a model that confabulates physical states. The GEval layer catches it because the

triggering context encodes the specific situational demand the utterance must satisfy. The multi-

turn evaluation adds a further dimension: the same Story 8 conversation scores 0.8 at session

level and passes, because the user was greeted by name, navigation was eventually confirmed,

and the name was correctly recalled. Both verdicts are correct and not in conflict, they evaluate

different properties of the same interaction. A partially incorrect conversation can still achieve

its communicative goal, and the two tiers together provide the information needed to act on this

distinction: the single-turn 0.0 flags the hallucination for engineering attention while the multi-turn

0.8 contextualises its session-level impact.

The second class is the measurement granularity mismatch: the bilingual obstacle responses in

Story 4, where the robot correctly produces “Com licença.” followed by “Excuse me.” as two con-

secutive lines. The single-turn evaluator sees each line independently, judges each as insufficiently

bilingual, and assigns failing scores whereas the multi-turn evaluator merges consecutive robot

lines into a single assistant turn and scores the combined response as fully appropriate. Story 4

achieves a single-turn pass rate of 68.8% but a multi-turn pass rate of 100.0%. This discrepancy is

not a failure of either metric, it is precisely the kind of information that the dual-resolution design

is intended to surface. It also identifies a concrete limitation of single-turn evaluation for systems

that produce multi-utterance communicative acts, and motivates a pre-processing fix, merging con-

secutive robot lines before single-turn evaluation, that would close the gap without affecting the

multi-turn results.

The third class is contextual incoherence: Mistral’s Story 9 response acknowledged the stop

command whilst simultaneously announcing that it was heading to the Coffee Bar in Building O.

The keyword stopped was present and the assertion passed, but the GEval judge penalised

the response at 0.4 because the two propositions are logically incompatible: a robot cannot si-

multaneously be heading somewhere and have stopped moving. It is precisely this propositional

contradiction that keyword assertions are structurally incapable of detecting.

The two keyword-fail/GEval-pass cases reveal the complementarity from the opposite direc-

tion: LLaMA utterances that were substantively appropriate but did not include the exact asserted

token. These are false negatives of keyword-based evaluation, responses that a human judge con-

siders correct but that fail a deterministic string check. Their existence confirms that keyword

assertions are not only insufficient as quality measures but also occasionally over-strict, penalis-

ing legitimate paraphrases that carry the same semantic content as the expected keyword, which

reinforces the case for combining both evaluation tiers.

This finding has implications beyond this dissertation. The three-tier evaluation framework:

keyword assertions for behavioural correctness, single-turn GEval for assessing the quality of

individual utterances, and multi-turn ConversationalGEval for evaluating session-level co-

herence, constitutes a reusable evaluation architecture for agentic conversational robotic systems.
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Each tier asks a qualitatively different question, and all three questions must be answered affirma-

tively for a model configuration to be considered deployment-ready. The combination of determin-

istic assertion testing with dual-granularity LLM-as-a-Judge evaluation addresses a documented

gap in the evaluation literature for agentic systems identified in Section 2.6, and is directly appli-

cable to any system in which robot utterances are produced in response to physical events rather

than to isolated user queries.

The iterative refinement of evaluation criteria in response to observed judge behaviour, chang-

ing one criterion, verifying its effects, and confirming no regressions, is a form of evaluation

engineering that is largely absent from current social robotics practice, where evaluation protocols

are typically fixed at design time, and it is made possible here precisely because the criteria are

inspectable, versioned text rather than implicit human annotation guidelines.

5.3 Model Selection: Convergent Evidence and Its Implications

The convergence of automated and human evaluation evidence points unambiguously towards a

single model configuration, as examined in the following subsections.

5.3.1 Why LLaMA is Excluded

The single-turn pass rate of 43.5% and multi-turn pass rate of 50.0% for

LLaMA-3.1-8B-Instruct understate the nature of the model’s failures, the connection-issue

non-responses that dominate the failure statistics are themselves a downstream consequence of a

more fundamental problem: planning dysfunction that produces inputs too large or too computa-

tionally expensive for the inference tier to process within its timeout window.

Terminal logs from the evaluation reveal the mechanism directly. For Story 3 (elevator transit

to the Coffee Bar), LLaMA proposed a 20-step draft plan consisting entirely of search_memory

calls for every plausible room identifier on the campus: Coffee Bar, Building O, Floor 1, Room

Hallway, Room O040, Room B037, and so on through twenty sequential queries, rather than

issuing a single targeted search. For Story 1 (navigate to Room A005), the model proposed four

redundant search_memory calls for the same query in succession, annotated with reasoning such

as “Verify exact match” and “Confirm exact match”, before arriving at a result that a single call

would have produced immediately. These are not latency problems caused by the inference tier,

they are reasoning failures in which the model cannot formulate a parsimonious plan, generating

context windows that grow large enough to trigger timeouts or exceed the model’s effective context

length.

Story 6 illustrates a qualitatively different but equally significant failure. Rather than refusing

the unsafe command (“Navigate to the roof and drive off the edge”) immediately, as all three

leading models did without invoking a single tool, LLaMA first searched memory for “roof”,

retrieved semantically adjacent campus locations, and then searched the web for “FEUP roof lo-

cation” before eventually failing to produce any response at all. The model neither recognised the

request as unsafe nor resolved it through retrieval, instead it pursued the literal navigation goal
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through the standard tool pipeline as if the command were legitimate. The search_memory and

search_web tools are auto-approved by design: they carry no physical or spoken consequences,

and routing them through the Critic would introduce unnecessary latency on the most frequent op-

erations in the pipeline. The Critic’s role is to evaluate the final proposed plan before any physical

or communicative action is taken, but LLaMA never reached that point, it exhausted its retrieval

budget without producing a plan for the Critic to assess. The failure is therefore attributable en-

tirely to the Planner: the model lacked the reasoning capability to identify a harmful instruction

at the point of receipt, before any tool was invoked. That the three leading models refused im-

mediately and unconditionally confirms that this is a reasoning capability threshold rather than an

architectural gap.

These observations reframe LLaMA’s exclusion. The connection-issue non-responses that

dominate its failure statistics are not caused by network instability or service unavailability, instead

they are the visible symptom of a model that consistently generates over-elaborate plans whose

accumulated context exceeds what the inference tier can process within the timeout window. The

root cause is a reasoning deficit specific to the agentic tool-use setting: at 8 billion parameters, the

model lacks the capacity to decompose a navigation request into a minimal, targeted sequence of

tool calls, instead enumerating exhaustive search strategies that a larger model resolves in one or

two steps. This manifests not only in latency but in safety, as Story 6 demonstrates: the model

cannot identify a harmful instruction at the point of receipt because it does not reason about the

intent behind a request before acting on it, it reasons about the action space available to it and

searches for a way to comply. The model’s language quality on individual utterances, when it

does eventually produce them, falls in the 0.6–0.8 range and is broadly adequate, but what is inad-

equate is its ability to formulate efficient, safety-aware plans in a multi-tool agentic loop, which is

precisely the capability that a host robot operating in a real campus environment demands above

all others. The terminal logs from Stories 1, 3, 4, 5, and 6 are reproduced in Appendix E and

provide a complete picture of the failure patterns described here.

5.3.2 Why Qwen is the Final Choice

Within the three leading models, the selection of Qwen2.5-72B-Instruct is justified by the

convergence of four independent evidence streams, each arriving at the same conclusion. The

single-turn GEval evaluation gives Qwen the highest pass rate (95.7%) and the highest mean

score (0.87). The latency measurements give Qwen a mean of 5.60 s, a factor of three lower than

DeepSeek (18.47 s) and Mistral (17.50 s). The general-population human evaluation (strand B)

gives Qwen a preference majority in all twenty story comparisons across both groups, a global

preference of 40 out of 46 respondents, and the highest mean satisfaction score (4.70/5). The

improvement area analysis gives Qwen the distinction of being the only model for which a majority

of evaluators (26/46) reported no areas requiring improvement.

To understand why these results distribute the way they do across the three models, it is

worth examining their architectural characteristics. DeepSeek-R1-Distill-Qwen-32B is a

32-billion parameter model distilled from a larger reasoning-focused architecture, with an explicit
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chain-of-thought mechanism that produces internal reasoning traces enclosed in <think> tags

before committing to a response or tool call. This reasoning process is the source of both its

strengths and its latency cost: the model deliberates carefully over tool selection and argument

construction, which produces the highest multi-turn mean score in the evaluation (0.88) and a per-

fect keyword pass rate, but it does so at a mean latency of 18.47 s per utterance and with the risk of

catastrophic timeout when the reasoning context grows large, as the 120 s Story 8 outlier demon-

strates. DeepSeek is, in effect, a high-quality but slow reasoner whose deliberative architecture

is better suited to asynchronous or batch settings than to the sub-10-second response window that

real-time conversational interaction demands.

Mistral-Small-3.1-24B-Instruct-2503 is a 24-billion parameter instruction-tuned

model from the Mistral family, positioned as a balance between capability and efficiency. In

the evaluation it performs comparably to DeepSeek on most measures: identical single-turn pass

rate (87.0%), marginally lower mean score (0.86 versus 0.82 for DeepSeek on single-turn, 0.86

versus 0.88 on multi-turn), and similar latency (17.50 s), but without the explicit reasoning mecha-

nism that makes DeepSeek’s deliberation traceable. At 24 billion parameters it occupies a middle

ground that delivers neither DeepSeek’s reasoning depth nor Qwen’s inference speed, making it

the least differentiated of the three in this evaluation context.

Qwen2.5-72B-Instruct is a 72-billion parameter instruction-tuned model from Alibaba’s

Qwen2.5 family. Its parameter count is more than double that of DeepSeek and triple that of

Mistral, which partially explains its superior performance, but raw scale is not the complete expla-

nation: the Qwen2.5 family is specifically optimised for instruction following, tool use, and mul-

tilingual output across more than 29 languages, all of which are directly relevant to the host robot

context. The multilingual optimisation is visible in Story 10, where Qwen produces a Portuguese-

language response and a correctly formatted English navigation label without hesitation, whilst the

latency advantage over DeepSeek, despite Qwen’s larger parameter count, reflects the efficiency

of the Qwen2.5 architecture’s inference optimisations and likely the inference tier’s prioritisation

of the model under load conditions. Qwen achieves the highest single-turn pass rate (95.7%), the

highest mean GEval score (0.87), a perfect keyword pass rate across all ten stories, and the low-

est mean latency (5.60 s), making it the only configuration in the evaluation that simultaneously

satisfies the quality and the real-time constraints of the deployment context.

The multi-turn evaluation is the one tier that does not unambiguously favour Qwen: DeepSeek

achieves the highest mean multi-turn score (0.88 versus 0.85 for Qwen), whilst all three models

achieve a perfect 100.0% pass rate. This marginal DeepSeek advantage on holistic session quality

is the only counter-signal in the entire evaluation dataset. It is not sufficient to override the con-

vergent evidence from the other three streams for two reasons. First, the 0.03-point difference is

within the expected variance of a ConversationalGEval score on a 10-case sample per model

and does not constitute a reliable quality difference without replication across a larger scenario

set. Second, the human evaluation provides direct perceptual evidence that this quality difference

is not visible to evaluators: on Clarity (4.72 vs 4.73) and Accuracy (4.63 vs 4.68), the two models

are essentially indistinguishable, and the mean difference on both dimensions is smaller than the
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rating scale’s unit step. What is visible and decisive is the latency difference, which manifests as a

mean wait-time score of 4.62 for Qwen versus 3.49 for DeepSeek, a difference that is statistically

significant at p < 0.0001 and practically significant at more than one full point on a five-point

scale. DeepSeek’s reasoning architecture makes it an excellent candidate for offline evaluation,

batch processing, or scenarios where response latency is not a primary constraint whereas for a

physically embodied host robot operating in real time with real visitors, Qwen’s combination of

high quality and low latency makes it the only viable choice among the three.

5.3.3 Wait Time as a Perceptual Proxy for Architectural Fitness

The wait-time finding deserves more interpretation than a simple “faster is better” conclusion. The

Wilcoxon signed-rank test (p < 0.0001 for both comparisons) confirms that the advantage is not

a sampling artefact, but the magnitude of the difference, +1.13 points over DeepSeek and +1.40

over Mistral on a five-point scale, is large enough to warrant explanation beyond raw inference

speed.

The InfoDesk evaluation (strand C) provides a revealing clue. In Form 1, several short-latency

interactions (Q1 and Q2 at approximately 5 s) received low wait-time scores alongside low ac-

curacy scores. In Form 2, after the accuracy of those same interactions was improved through

knowledge-base updates, the wait-time scores for the identical latency interactions rose substan-

tially. This demonstrates that evaluators’ wait-time judgements are not purely latency-sensitive:

they are affected by overall response quality. A response that arrives quickly but is factually wrong

feels like a waste of time whereas the same latency with a correct and contextually appropriate re-

sponse feels acceptable. The Form 2 Wait time improvement of +1.73 points across the revised

interactions, achieved with no change whatsoever to the underlying response latency, provides

direct empirical evidence for this interpretation. This is consistent with the long-standing obser-

vation that tolerance for waiting is shaped by perceived value rather than duration alone [34], and

with more recent evidence of quality-contingent latency tolerance in LLM-mediated interaction.

The Qwen’s wait-time advantage in the general-population evaluation (strand B) reflects not

only its objectively faster inference time (5.60 s versus 17–18 s) but also its higher response quality,

which makes the wait feel worthwhile. The two effects are confounded in the Likert ratings but

separable in the DeepEval data, where Qwen’s higher GEval scores are recorded independently

of any latency measurement. The combination suggests that Qwen’s perceived advantage is larger

than its raw latency advantage alone would predict, because response quality amplifies latency

acceptability. This interaction has a direct implication for how acceptable inference times should

be specified for deployed social robots: a speed target set independently of quality is likely to

be miscalibrated, either unnecessarily tight (if high quality compensates for modest latency) or

dangerously loose (if poor quality makes even short waits feel unacceptable).
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5.4 Architectural Contributions

This section examines what the results collectively reveal about the system’s core architectural

components, beginning with the dual-model reasoning loop that underpins the entire agentic core.

5.4.1 The Planner–Critic Loop: A Dual-Model Architecture for Real-Time Safe
Agentic Interaction

The Planner–Critic dual-model loop is the primary architectural contribution of this dissertation

and the element that most directly addresses the gap identified in Section 2.11: a work that com-

bines embodied navigation, agentic reasoning, and online safety evaluation within a unified real-

time architecture. The design rests on a deliberate separation of concerns that mirrors, at the archi-

tectural level, the cognitive distinction between planning and judgement: the Planner generates,

the Critic evaluates, and no action reaches execution without both having played their role.

The theoretical motivation for this separation is the self-rationalisation risk documented in

Constitutional AI [3] and discussed in Section 2.6: a single model asked to both propose and eval-

uate its own actions is structurally inclined to approve what it has already generated, because the

same parametric biases that produced the proposal also govern the evaluation. By assigning eval-

uation to a distinct model with a separate message history, the architecture removes this feedback

loop. The Critic has no stake in the Planner’s output and applies its rules without any awareness

of the reasoning that produced the proposal it is assessing. Story 6 validates this in practice: all

three leading models refused the unsafe command without invoking any tool, a result that prompt

engineering of the Planner alone cannot guarantee, because a sufficiently creative framing of a

harmful instruction can circumvent a generator’s self-imposed constraints in ways that an inde-

pendent evaluator, applying rules rather than generating text, is structurally resistant to.

A second and equally important design decision lies in the intentional asymmetry between the

two models. While the Planner deploys high-capacity models like Qwen2.5-72B-Instruct

or DeepSeek-R1-Distill-Qwen-32B, the Critic utilises Qwen2.5-7B-Instruct, a model

roughly four to ten times smaller in parameter scale. This asymmetry is not a cost-cutting mea-

sure, but a deliberate architectural recognition that the two tasks demand fundamentally different

computational requirements. Planning within a multi-tool agentic context requires the capacity to

reason over long conversational histories, select dynamically among competing tools, and produce

structured outputs that strictly conform to JSON schemas under complex contextual constraints.

Conversely, evaluation is a highly bounded task, requiring only the application of a finite set of

deterministic and heuristic rules, such as loop detection, destination validation, and appropriate-

ness assessment, to a single proposed action. Because the Critic’s task is substantially simpler,

assigning it to a lighter model minimises the latency overhead of the dual-model loop without

compromising evaluation quality. In practice, the Critic’s inference adds only a fraction of the

computational cost per iteration, making the safety guarantee essentially free in latency terms

relative to what the Planner already requires.
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The fast-path auto-approval mechanism for cognitive tools, search_memory, search_web,

check_daily_events, and get_robot_status, is a further refinement that reflects a prin-

cipled risk analysis rather than a performance shortcut. These tools carry no physical or spoken

consequences: they retrieve information and return it as an observation, without modifying the

robot’s state, initiating movement, or producing any output visible to the user. Routing them

through the Critic would add latency to the most frequent operations in the pipeline without pro-

viding any meaningful safety value. The risk boundary is at the point where the system transitions

from reasoning to acting, and the architecture places the Critic precisely at that boundary: every

proposed action that would modify the physical world, produce spoken output to the user, or in-

voke an external service passes through evaluation before execution. The LLaMA Story 6 failure

illustrates the boundary correctly: the model’s retrieval steps were auto-approved and the failure

was that the model never reached the point of proposing a navigation or speech action for the Critic

to evaluate, exhausting its context on retrieval without producing a plan.

The loop’s iterative structure: propose, evaluate, execute, observe, repeat, is what distinguishes

this architecture from a single-pass safety filter. A filter applied once to the Planner’s final output

can only reject or approve whereas the iterative loop allows the Critic’s rejection to become an

observation that the Planner reasons over in the next iteration, enabling recovery and replanning

without human intervention. This capability is what makes the architecture genuinely agentic

rather than merely reactive: the system does not simply refuse invalid actions, it reasons about

why they were refused and attempts to achieve the underlying goal through a different path.

The latency cost of this architecture is real and non-trivial, and the evaluation results show it.

At 5.60 s mean inference time, Qwen is the only configuration that operates comfortably within

conversational tolerance, DeepSeek and Mistral at 17–18 s sit at the boundary. The acknowl-

edgement mechanism, a synchronous spoken phrase produced before any inference call, is the

architectural response to this constraint, decoupling the perceptible start of the robot’s response

from the completion of LLM inference. It is not a cosmetic feature but a structural component of

the loop’s real-time viability: for configurations at the boundary of conversational tolerance, it is

the difference between a system that feels slightly slow and one that feels broken. The deeper so-

lution, however, is local model hosting: the API-dependency that introduces the 120 s DeepSeek

outlier is an infrastructure constraint, not an architectural one. The Planner–Critic loop is de-

signed to operate with any pair of models that satisfy the role requirements, and a locally hosted

Qwen2.5-72B-Instruct would deliver the same quality results with substantially lower and

more predictable latency variance.

A related observation concerns the repeatability of the Planner’s output. The generation pa-

rameters are configured with the temperature set to zero, a setting conventionally understood to

enforce deterministic decoding: given an identical prompt, a model sampled at temperature zero

should always select the highest-probability token at every decoding step and therefore produce an

identical output. In practice, repeated invocations of the same offer-to-guide intent across differ-

ent sessions surface multiple distinct phrasings, including, for the same underlying communicative

act, “Posso te guiar até lá se você quiser”, “Posso te guiar até lá, se desejar”, “Posso guiá-lo até
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lá se você quiser”, and “Posso guiá-lo até lá se desejar.” The intent expressed by each variant

is identical, an offer to guide the user to the destination, and the keyword and GEval assertions

used throughout this evaluation are satisfied equally by all four. The instability is therefore lexical

rather than semantic.

This behaviour is consistent with a documented source of non-determinism in batched LLM

inference serving, rather than with a failure of the temperature parameter itself [15]. Floating-point

accumulation is non-associative, (a+b)+ c ̸= a+(b+ c), and modern inference servers process

requests under dynamic batching, where the batch composition for a given request varies from

run to run depending on concurrent load. GPU kernels adapt their parallelisation and reduction

strategy to the batch size, so the same logical computation can be evaluated with different floating-

point accumulation orders across runs, even when the requested decoding policy is greedy. This

means a request can be numerically deterministic for a fixed batch but appear non-deterministic

from the caller’s point of view, because the batch it is processed alongside is not stable from

one invocation to the next, a property that is outside the application’s control when inference is

served via a shared API rather than hosted locally with a fixed batch composition. A locally

hosted deployment, with full control over the inference stack and batch composition, would be

expected to narrow this variance considerably, though achieving full bit-for-bit determinism even

locally typically requires deliberately forgoing the batching optimisations that make inference fast,

a genuine performance trade-off rather than a simple configuration switch.

5.4.2 Ablation Study: Quantifying the Contribution of the Critic and RAG

The ablation study (strand G) reported in Section 4.7 provides direct, controlled evidence for two

claims made elsewhere in this dissertation on largely qualitative or anecdotal grounds: that the

Safety Critic contributes measurably to system reliability, and that RAG grounding contributes

measurably to factual correctness, rather than being theoretically motivated additions whose prac-

tical effect was assumed rather than demonstrated.

The 12.1 percentage point drop in pass rate when the Critic is removed confirms that the

Critic is doing genuine evaluative work, not merely adding latency without consequence. The

two stories it affects, Story 3 and Story 4, are precisely the stories in this evaluation suite that

involve multi-step reasoning under ambiguity: elevator transit with floor verification and obstacle

recovery with escalation, the scenarios where a Planner proposing a plausible but incorrect action

is most likely to occur and most consequential if uncaught. The fact that six of the ten stories are

entirely unaffected by Critic removal is equally informative: it indicates that for straightforward,

single-step requests, the Planner’s own instruction-following is already reliable, and the Critic’s

value is concentrated precisely where the architecture’s design motivation predicted it would be,

at points of action ambiguity rather than throughout the interaction uniformly.

The larger, 24.2 percentage point drop when RAG is removed is consistent with the central

claim of Section 5.5: that grounding, not parametric recall, is the operative source of the system’s

factual reliability. Four stories degrade under this ablation, a wider footprint than the Critic abla-

tion, and Story 3 degrades more severely without RAG (33.3%) than without the Critic (50.0%).
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This is the expected pattern for a campus-specific navigation task: a model operating from para-

metric memory alone has no mechanism by which to recover the correct destination, irrespective

of how carefully its proposed actions are scrutinised after the fact.

The latency results add a dimension not visible in the pass rate data alone. Removing either

component increases, rather than decreases, mean response latency, by 96% without the Critic and

by 166% without RAG, despite each ablation removing a processing step from the pipeline. This is

initially counter-intuitive, but it is explained by the same mechanism documented in Section 5.4.1

for LLaMA: a Planner that lacks either a validated action or grounded information to act on does

not fail quickly, it searches longer, proposing additional exploratory tool calls or reasoning at

greater length before arriving at a usable response. The Critic and RAG therefore do not merely

improve correctness, they actively constrain the search space the Planner must traverse, and their

removal allows exactly the kind of unproductive, latency-inflating search behaviour identified as

a planning dysfunction in less capable models to re-emerge in Qwen2.5-72B-Instruct itself

once these guardrails are withdrawn. The widening variance under both ablations, most visibly the

176.56 s outlier under No RAG, reinforces this interpretation: without grounding, the upper tail

of the latency distribution is no longer bounded by a quick, well-informed answer but by however

long unconstrained search happens to take.

The DeepEval ablation results (Section 4.7.4) sharpen this picture considerably and reveal a

failure mode the keyword metric alone cannot expose. The keyword-versus-GEval gap widens

dramatically under both ablations, from a few percentage points in the Baseline evaluation to 26.1

points without the Critic and 39.1 points without RAG, indicating that the degraded conditions do

not primarily produce responses that are simply wrong or missing, they produce responses that

are superficially compliant, containing the expected keyword, whilst being substantively fabri-

cated. This distinction matters for the architecture’s safety case: a system that fails by declining or

stalling is straightforwardly recoverable, whereas a system that fails by confabulating plausible-

sounding but invented content, as observed directly in the harness-flagged “Parc Auto Coronel

Pacheco” and “Business School” cases, is a substantially more hazardous failure mode for a host

robot interacting with real visitors, since it is the mode least likely to be detected by either the user

or a token-level check.

The multi-turn results add a further, unexpected piece of evidence. Both ablations converge on

an identical 80.0% pass rate and fail on exactly the same two stories, Story 3 and Story 4, despite

the Critic and RAG being structurally independent mechanisms operating at different points in the

agentic loop. This convergence suggests that the underlying fabrication originates upstream, in the

Planner’s own reasoning, and that the Critic and RAG function as two partially overlapping rather

than strictly additive safeguards against the same class of error: each is independently capable

of catching it when active, which is consistent with the smaller relative degradation observed at

the multi-turn (session) level compared with the single-turn (utterance) level, since a fabrication

caught or corrected later in a multi-turn exchange is recoverable in a way that a fabricated single

utterance, evaluated in isolation, is not.

Taken together, the ablation study demonstrates that the Planner–Critic loop’s two supporting
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mechanisms are not redundant safety margins but load-bearing, partially overlapping components

of both the system’s correctness and its latency profile, providing layered rather than strictly inde-

pendent protection against fabrication, a finding that would not have been visible from the Baseline

evaluation results, or from the keyword-based ablation alone.

5.4.3 The VoIP Escalation Mechanism: Extending the Loop into the Physical World

The VoIP escalation mechanism (strand F) extends the Planner–Critic architecture described above

beyond the conversational loop into the physical world. When the Planner determines that au-

tonomous resolution is impossible, whether through three consecutive replan failures or an in-

ability to locate a requested contact, it initiates a real telephone call to campus staff via the local

Asterisk SIP proxy, with a dynamically synthesised location-aware announcement generated from

the robot’s live ROS 2 telemetry at call time. The result, demonstrated on the physical platform

and available at the address given in Section 4.6.3, is a system whose failure mode is not silent

abandonment but graceful delegation: the visitor’s need is handed to a human who has been given

the building, floor, room, and navigation goal required to help immediately. This transforms the

system’s reliability profile from one that degrades abruptly at the boundary of its autonomous

capabilities to one that degrades gracefully by involving a human at precisely the right moment.

The current implementation is intentionally unidirectional: the robot speaks, the staff member

listens, and the call ends. This design choice was motivated by latency constraints: a full bidi-

rectional conversation would require STT transcription of the staff member’s speech mid-call, a

complete Planner–Critic reasoning iteration, and TTS synthesis of the response, all whilst main-

taining an open SIP connection. At the inference speeds observed in this evaluation, the combined

round-trip latency of 10–20 s per exchange would make the conversation feel unnatural and risk

the staff member hanging up before the robot’s reply arrives. The unidirectional announcement

sidesteps this entirely by delivering all actionable information in a single message. A full bidi-

rectional VoIP dialogue, in which the staff member could ask clarifying questions or instruct the

robot to wait at a specific location, represents a meaningful extension that becomes viable as local

model hosting reduces inference latency to the sub-second range that live telephony conversation

requires.

5.4.4 The Three-Pipeline Architecture: Operational Independence

The three-pipeline separation, execution, data ingestion, and data maintenance, operationalises

one of the central design claims of this dissertation: that a conversational robotic system can be

organised so that knowledge errors are correctable through data operations alone, without touching

the reasoning pipeline. The InfoDesk evaluation (strand C) provides the most direct empirical

validation of this claim. Q13’s accuracy score rose from 1.0 to 4.50 (∆ =+3.50) after the correct

treasury room number was added to the FAISS index via the data maintenance pipeline, with no

change whatsoever to the execution pipeline. The same model, the same Planner–Critic loop, and

the same retrieval logic produced a correct answer because the knowledge available to them was
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correct. In a fine-tuned system, the equivalent correction would require a retraining cycle. Here it

required a data operation measured in minutes.

5.4.5 Cross-Environment Transferability and Physical Robot Deployment

The INESC TEC simulator demonstration (strand D), presented in Section 4.5.2, provides a direct

test of the three-pipeline architecture’s central operational claim: that adapting the system to a new

institutional environment is a data operation rather than an engineering one. The demonstration

required no changes to the execution pipeline, no model retraining, and no modification to the

Planner–Critic loop, the tool registry, or the event handling logic. The only environment-specific

element introduced was a FAISS index populated with INESC TEC location records in place of

the FEUP ones. The procedural trace recorded is instructive precisely because it is unremarkable:

the same draft-plan-then-finalise reasoning structure, the same hybrid keyword-and-semantic re-

trieval behaviour, and the same Critic-approval step before execution observed throughout the

FEUP evaluation reappear without alteration.

The two physical robot demonstrations (strand E) presented in Section 4.5.3 extend this claim

along a dimension that no simulated evaluation, however faithful, can reach. In both demonstra-

tions, the system’s navigation decisions are not consumed by a simulator but published as goals to

a real mobile robot, and the resulting motion of that robot is the direct, observable consequence of

the agentic loop’s output. The two demonstrations were conducted on two physically distinct robot

platforms, each with its own map of the INESC TEC facility, with no change to the conversational

or agentic software between them. This is a materially stronger transferability result than the sim-

ulator demonstration alone provides: it shows that the architecture’s separation between reasoning

and execution holds not only across institutional knowledge bases but across heterogeneous phys-

ical robot hardware and navigation stacks, exactly the kind of variation a real deployment across

multiple sites or robot models would introduce.

Together, the simulator demonstration and the two physical robot deployments position the

system not as a FEUP-specific installation but as a general-purpose agentic host robot platform,

capable of commanding heterogeneous robot hardware across independent institutional environ-

ments without architectural modification. This has direct implications for scalability and com-

mercial viability: the cost of deploying this conversational layer on a new robot platform is the

cost of integrating a new ROS 2 navigation interface, not the cost of redesigning or retraining the

reasoning system itself.

5.5 RAG Grounding: Effectiveness and Boundaries

The RAG architecture’s effectiveness is demonstrated across two qualitatively different evaluation

contexts that together define both its capabilities and its boundaries.

In the simulation-based evaluation, Story 7 (weather query via web search) passed at 75.0%

single-turn and 75.0% multi-turn for all leading models, with the sole failure in each case at-

tributable to LLaMA’s timeout. The three leading models successfully invoked search_web,
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retrieved current weather information, and incorporated it into contextually appropriate responses.

This constitutes a direct test of the RAG pipeline’s ability to ground responses in externally re-

trieved, real-time information: the correct answer could not have been available in the model’s

training data, and was produced by retrieval, not by recall. This distinction demonstrates that the

retrieval mechanism, not the model’s parametric knowledge, is the operative information source

for this class of query, which is precisely the architecture’s design intent.

In the InfoDesk evaluation (strand C), the RAG architecture’s behaviour under knowledge-

base gaps reveals a more nuanced picture. The first-round failures (Q13, Q15, Q16, Q2, Q8) are

not model failures: they are retrieval failures, cases where the correct information was not present

in the index and the model was forced to produce an incomplete response that acknowledged

the gap. The occurrence of these failures confirms a limitation not of the architecture but of the

ingestion pipeline’s coverage: room usage (eg. Academic Services), opening hour, and informal

naming conventions used on a daily basis are systematically underrepresented in the institutional

web portal from which the data ingestion pipeline draws. This reflects a fundamental tension

between institutional web presence and operational ground truth that automated ingestion alone

cannot resolve, it requires the kind of domain expert contribution that the InfoDesk evaluation was

specifically designed to elicit.

The second-round results demonstrate that this limitation is correctable within the architec-

ture’s operational model. The mean accuracy improvement of +1.14 points and individual gains

of up to +3.50 points confirm that once the knowledge base contains the correct information,

the RAG mechanism faithfully retrieves and grounds responses in it. The architecture does ex-

actly what it is designed to do, the first-round failures were in the data, not in the design. This

distinction matters for how the system should be fairly evaluated: a RAG-based system should

be assessed on whether it correctly uses the knowledge it has, not on whether that knowledge is

complete at the moment of first deployment. The InfoDesk evaluation provides evidence on both

dimensions, and on both dimensions the evidence is positive. The system uses available knowl-

edge correctly, and the maintenance pipeline can supply missing knowledge without requiring any

change to the reasoning infrastructure. Taken together, these two findings validate the RAG with

maintenance pipeline design as a viable operational model for knowledge grounding.

5.6 Limitations

This section discusses the principal limitations of the work, distinguishing between constraints in-

herent to the evaluation methodology and those arising from the system’s current implementation.

5.6.1 Evaluation Limitations

Small InfoDesk sample. The InfoDesk evaluation (strand C) involved two evaluators. Whilst

these two evaluators possess the highest domain expertise available for this specific deployment

context, two evaluators cannot provide the statistical power needed to distinguish between system-

atic quality differences and individual evaluator biases. The per-question Likert scores represent
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the mean of two ratings, meaning that a single evaluator’s strong reaction to a particular response

can dominate the aggregate. Expanding the InfoDesk evaluation to a larger staff cohort, would pro-

vide more reliable per-question estimates and would enable the statistical testing that the current

sample size does not support.

Single judge model. All GEval and ConversationalGEval scores are produced by a sin-

gle judge model, meta-llama/Llama-3.3-70B-Instruct. Whilst the choice of a different

model family from the systems under evaluation mitigates self-referential bias, it does not elim-

inate judge-specific systematic biases. A multi-judge ensemble would reduce variance, increase

the reliability of borderline classifications, and provide a basis for quantifying judge disagreement

as a confidence measure for individual scores.

Threshold arbitrariness. The 0.5 pass threshold applied to both GEval metrics is a conven-

tional choice rather than a calibrated one. The continuous score distributions reported in the eval-

uation are more informative than the binary pass/fail verdicts for the leading models, all of whom

cluster well above 0.5. The threshold is primarily useful for separating LLaMA from the leading

group, a separation that would be robust across any threshold between 0.4 and 0.6. Future evalu-

ations would benefit from a calibrated threshold derived from a reference set of human-annotated

responses, placing the pass/fail boundary at a point that corresponds to a defined level of human

acceptability.

5.6.2 System Limitations

API dependency. All LLM inference is performed via the Hugging Face Inference API, introduc-

ing network dependency, service availability risk, and latency variance that are not acceptable for

a production deployment. The 120 s DeepSeek outlier is plausibly attributable to API throttling

under load. A production system would require locally hosted models or Service Level Agree-

ment (SLA)-backed inference services to guarantee the response time bounds that a real-time

interactive system requires.

Knowledge base completeness. The FAISS index does not cover all operationally rele-

vant campus information, as demonstrated by the first-round InfoDesk failures. The maintenance

pipeline enables targeted correction but does not guarantee completeness. Ongoing maintenance

is an operational requirement, not a one-time deployment step, and the human verification require-

ment implies that this maintenance cannot be fully automated without accepting the risk of silently

introducing errors.
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Conclusion

This final chapter draws together the contributions of this dissertation, answers the research ques-

tions in light of the evidence gathered, and outlines directions for future work.

6.1 Summary of the Work

This dissertation set out to investigate whether an agentic architecture, combining a reasoning

Planner with an independent Safety Critic, could support reliable, socially appropriate, and knowl-

edge-grounded interaction in a host robot deployed within a real academic institution. The moti-

vating problem, established in Chapter 1, was that existing host robot deployments either rely on

scripted dialogue that limits adaptability, or adopt open-domain LLM-based dialogue without the

architectural safeguards needed to address hallucination, unsafe action selection, and the latency

constraints of real-time embodied interaction. This work addressed that gap through a dual-model

Planner–Critic agentic loop, grounded by a three-pipeline knowledge architecture separating ex-

ecution, data ingestion, and data maintenance, and extended into the physical world through au-

tonomous navigation, expressive embodiment, and VoIP-based human escalation.

The system was implemented and evaluated within a simulated representation of the FEUP

campus. Evaluation proceeded across seven complementary strands: an automated DeepEval

assessment combining single-turn and multi-turn LLM-as-a-Judge scoring across four candidate

model configurations, a general-population preference study with 46 respondents, an expert evalu-

ation by FEUP InfoDesk staff across two rounds of knowledge-base refinement, a cross-

-environment validation at the INESC TEC-IILab facility, comprising a simulated demonstration

followed by physical deployment on two independent robot platforms, a physical demonstration

of the autonomous VoIP escalation mechanism and a controlled ablation study, isolating the in-

dividual contribution of the Safety Critic and the RAG mechanism through selective component

removal, evaluated under both deterministic keyword assertion and the same LLM-as-a-Judge

metrics used throughout the main evaluation. Together, these strands provide convergent evidence

on the system’s reliability, the effectiveness of its knowledge grounding, the real-time viability of
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its dual-model reasoning loop, and its transferability beyond the institution and the hardware for

which it was originally designed.

6.2 Answers to the Research Questions

6.2.1 RQ1: Agentic Task Completion and Coherence

RQ1 asked to what extent an agentic architecture, in which a primary language model plans and ex-

ecutes actions whilst a secondary safety component that evaluates their safety and appropriateness,

can support reliable and coherent task completion in a host robot scenario. The evidence supports

an affirmative answer, with one important qualification. Across the navigation, group manage-

ment, elevator transit, among other scenarios that constitute the ten evaluation stories, the three

leading model configurations achieved single-turn GEval pass rates of 87.0–95.7% and a multi-

turn pass rate of 100.0% across the board. Pass rates aggregated across all four evaluated models

(including LLaMA-3.1-8B-Instruct) ranged more widely, from 66.7% to 95.7% at the single-turn

level and 75.0% to 100.0% at the multi-turn level; this residual variance is attributable almost

entirely to LLaMA-3.1-8B-Instruct, excluded from model selection on the grounds of planning

dysfunction rather than language quality, and to a measurement granularity artefact in the single-

turn evaluation of bilingual obstacle responses, which the multi-turn tier correctly resolved. For

the selected model, Qwen2.5-72B-Instruct, the residual failure rate on core navigation be-

haviour is approximately one case in twenty at the individual utterance level and zero at the session

level.

The qualification concerns the premature arrival hallucination identified through the discordant-

case analysis in Chapter 5: a narrative-completion bias in which the Planner announces arrival at

a destination before the corresponding navigation event has been reported. This failure mode did

not appear in the evaluation data for the selected model, but its presence in two of the four eval-

uated configurations identifies it as the single most safety-relevant reliability concern this work

surfaced. Story 6 provides the clearest positive evidence for RQ1 in the opposite direction: all

three leading models refused a dangerous and nonsensical command without invoking any tool,

confirming that the Planner–Critic architecture correctly handles the most safety-critical scenario

in the evaluation suite. The ablation study reinforces this conclusion from the opposite direction:

removing the Critic reduced the single-turn GEval pass rate from 95.7% to 60.9%, a drop of 34.8

percentage points, and reintroduced precisely the fabrication and incoherence failure modes that

the architecture’s design was intended to prevent, confirming that the coherence and reliability

observed under the full architecture are attributable to the Critic’s presence rather than to the un-

derlying Planner alone. Taken together, the agentic architecture handles the evaluated scenarios

reliably, with a precisely identified and directly addressable exception.
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6.2.2 RQ2: RAG Grounding and Hallucination Reduction

RQ2 asked how effectively RAG grounds the robot’s responses in verified, environment-specific

knowledge, and whether this grounding measurably reduces conversationally inappropriate or fac-

tually incorrect outputs. The evidence supports an affirmative answer, bounded by the condition

that the knowledge base must contain the correct information. The Story 7 web search results

confirmed that the retrieval pipeline can ground responses in real-time external information that

could not have been present in any model’s training data. The InfoDesk evaluation confirmed

the same mechanism operating over static campus knowledge: the first-round failures were re-

trieval failures, not model hallucinations, and once the missing records were supplied through the

data maintenance pipeline, the same model produced materially more accurate responses, with no

change to its underlying weights or reasoning process. The ablation study supplies the comple-

mentary negative-condition evidence: removing RAG produced the largest degradation observed

in this work, a 43.5 percentage point drop in single-turn GEval pass rate, accompanied by ex-

plicit, harness-flagged confabulation of non-existent campus locations, directly demonstrating that

the Planner’s parametric knowledge is an unreliable substitute for retrieval rather than a redundant

fallback. The architecture’s grounding strategy performs as designed, and the principal limitation

it exposes is one of knowledge base coverage and governance, illustrated by the Q12 regression,

rather than a failure of the retrieval mechanism itself.

6.2.3 RQ3: Viability of the Dual-Model Design

RQ3 asked whether the dual-model Planner–Critic design is a viable approach to autonomous ac-

tion selection in a public-facing robot, in terms of both behavioural correctness and the practical

constraints imposed by sequential inference latency. The evidence supports an affirmative answer

for the selected configuration and a conditional answer for the alternatives evaluated alongside

it. At a mean latency of 5.60 s, Qwen2.5-72B-Instruct operates comfortably within the

bounds that the general-population evaluation identified as acceptable, achieving a mean wait-

time score of 4.62 out of 5 across 46 respondents. DeepSeek-R1-Distill-Qwen-32B and

Mistral-Small-3.1-24B-Instruct-2503, at 17–18 s, sit at the boundary of conversa-

tional tolerance, made viable in practice only by the synchronous acknowledgement mechanism

that bridges the silence between utterance and response. Behaviourally, the Critic’s separation

from the Planner was shown to be necessary rather than incidental: it is what allowed the archi-

tecture to refuse an unsafe instruction unconditionally across every leading model, a guarantee

that prompt engineering of a single generating model cannot provide. The principal constraint this

work identifies is one of inference infrastructure, the dependency on a shared API tier, rather than

one of architectural design. The dual-model loop itself imposes no fixed latency cost beyond what

its constituent models require.
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6.3 Contributions

This dissertation makes six contributions to the design and evaluation of agentic conversational

robots. First, it presents a dual-model Planner–Critic architecture in which generation and safety

evaluation are structurally separated across distinct models, removing the self-rationalisation risk

inherent to single-model self-critique and validated empirically through the system’s unconditional

refusal of unsafe commands across all leading configurations. Second, it presents a three-pipeline

knowledge architecture, separating execution, ingestion, and maintenance, validated through a live

knowledge-correction cycle that improved FEUP InfoDesk accuracy ratings by up to 3.5 points on

a five-point scale within minutes, and through a cross-environment demonstration at INESC TEC

showing the same software operating correctly first against an entirely distinct institutional knowl-

edge base in simulation, and subsequently commanding two physically distinct robot platforms

in real time, with no modification to the agentic core, the tool registry, or the Critic evaluation

logic. Third, it presents a three-tier evaluation methodology, combining deterministic keyword as-

sertion, single-turn LLM-as-a-Judge scoring, and multi-turn conversational scoring, demonstrated

to resolve twelve cases in which a single evaluation tier alone would have produced an incorrect

verdict. Fourth, it extends the agentic loop beyond conversation into physical-world escalation

through an autonomous VoIP mechanism that places a real telephone call with a dynamically syn-

thesised, location-aware distress message. Fifth, it demonstrates that this architecture’s separation

between reasoning and execution generalises across heterogeneous robotic hardware, not only

across institutional knowledge bases: the same conversational software, unmodified, was shown

to command two physically distinct mobile robot platforms at INESC TEC, each operating on its

own map and navigation stack, indicating that the cost of redeploying the system on new hardware

is the cost of integrating a ROS 2 navigation interface, not the cost of redesigning or retraining

the reasoning system itself. Sixth, it provides a controlled ablation study quantifying the individ-

ual contribution of the Safety Critic and the RAG mechanism, showing that removing the Critic

reduces the keyword-based pass rate by 12.1 percentage points and removing RAG reduces it by

24.2 percentage points, while also increasing mean response latency by 96% and 166% respec-

tively, demonstrating that both components are load-bearing contributors to system correctness

and responsiveness rather than purely theoretical safeguards.

6.4 Future Work

The evaluation identifies several directions for future development, each motivated by a specific

finding rather than by generic ambition.

Local model deployment. Replacing API-based inference with a locally hosted model would

remove the network dependency and inference variance responsible for the most severe latency

outlier observed in this work, and would allow the dual-model loop’s real-time viability to be

assessed independently of shared infrastructure load.
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Multi-judge GEval ensemble. Replacing the single judge model with a small ensemble

evaluated under majority verdict would reduce judge-specific variance and provide a basis for

quantifying confidence in borderline scores, particularly in the 0.4–0.6 range where the current

threshold is most consequential.

Longitudinal knowledge base maintenance study. The InfoDesk evaluation captured a sin-

gle snapshot of knowledge base quality. A longitudinal study, re-running the evaluation against

a rolling set of real visitor queries over an extended period, would characterise the rate at which

institutional knowledge decays and the maintenance effort required to keep the system current,

transforming the data maintenance pipeline from a validated mechanism into an empirically char-

acterised operational process.

Temporal awareness skill. The current tool repertoire has no mechanism for the Planner to

retrieve the current date or time independently of what may be embedded in retrieved knowledge

records. A lightweight get_current_datetime tool would resolve this gap directly, removing

the risk of date-sensitive responses, such as event schedules or time-limited services, drifting out

of sync with the robot’s actual operating context.

Bidirectional VoIP conversation. The VoIP escalation mechanism validated in this work is

intentionally unidirectional: the robot delivers a location-aware announcement and the call ends.

Extending this to a full bidirectional conversation, in which the receiving staff member could ask

clarifying questions or issue instructions that the robot incorporates into its ongoing behaviour,

would require the combined latency of speech transcription, a full Planner–Critic reasoning iter-

ation, and speech synthesis to fall within the sub-second range that live telephony conversation

demands. This becomes a realistic target as local model deployment, identified above, removes

the inference latency that currently makes such an exchange impractical.

Visual grounding through camera input. The current architecture grounds the Planner’s

reasoning exclusively in textual and spatial telemetry. Incorporating visual input, particularly the

ability to interpret a user pointing at a location, an object, or a direction, would extend the system’s

situational awareness beyond what spoken language alone can convey, and would directly address

interaction patterns, such as a visitor gesturing toward an ambiguous destination, that the current

text-and-speech-only pipeline has no mechanism to resolve.

Privacy-preserving The current sanitisation step removes emails, phone numbers, and long

numeric sequences before the utterance reaches the Planner, but user-provided informations are

currently passed through unmodified. Future work should extend this pipeline to anonymise such

identifiers before transmission to the API (e.g. substituting the user’s stated name with a place-

holder token) and re-substitute the real value once the response returns, so that no personally

identifying information leaves the local environment at any point in the reasoning loop.

Extended ablation coverage. The ablation study reported in this dissertation evaluated a

single run per story per condition. A larger ablation, with repeated runs per condition would

strengthen the confidence of the pass rate and latency deltas reported here, and would allow the

per-story degradation patterns to be distinguished from single-run variance with greater certainty.



Conclusion 106

6.5 Closing Remarks

The agentic host robot developed in this dissertation was designed around a simple premise: that

a conversational robot deployed in a real institutional environment must be able to reason flexibly

enough to handle the open-ended nature of real visitor requests, whilst remaining safe, factually

grounded, and correctable without the cost and risk of retraining. The evaluation evidence gath-

ered across seven strands, 46 general-population evaluators, two expert InfoDesk staff, two inde-

pendent institutional environments, two physically distinct robot platforms, a VoIP demonstration,

and a controlled ablation of the architecture’s two supporting mechanisms, supports the conclusion

that this premise is achievable with current-generation LLM technology, provided the architecture

is built around the right separations: between generation and evaluation, between reasoning and

knowledge, and between the robot’s autonomous capabilities and the human staff who remain

its ultimate safety net. The system selected through this evaluation, Qwen2.5-72B-Instruct

operating within the Planner–Critic loop described in this dissertation, is not presented as a fin-

ished product, but the convergence of evidence across every strand of evaluation conducted here,

including the ablation study’s confirmation that each architectural safeguard is independently load-

bearing, suggests that the architectural principles underlying it, dual-model safety separation,

pipeline-based knowledge governance, and graceful escalation to human assistance, constitute

a viable and extensible foundation for the next generation of embodied institutional robots.
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Appendix B

Host Robot Communications

Table B.1: Subscribed Topics (Inputs to the Core System)

ROS 2 Topic Message Type Description

/robot/current_location std_msgs/String Receives real-time spatial coordinates
(formatted as JSON containing build-
ing, floor, and room) to update the
robot’s internal mapping and verify
floor transitions.

/nav/events std_msgs/String A unified topic receiving multiplexed
navigation events formatted as JSON
payloads (e.g., turn, arrival,
replan, obstacle, lift, door,
landmark, group_distance, and
person_not_found). This stream-
lines communications, allowing the
core system to parse a single stream
and dynamically route specific incom-
ing event triggers to the appropriate
robotic behaviour handlers.
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Table B.2: Published Topics (Outputs from the Core System)

ROS 2 Topic Message Type Description

/nav/new_goal std_msgs/String Publishes a newly extracted destination string
to the main navigation stack when the LLM
successfully identifies or reroutes to a target
location.

/nav/cancel_goal std_msgs/String Commands the navigation stack to cancel the
current active goal, used when the robot must
halt movement (e.g., upon a stop command
or safety override).

/nav/lift_command std_msgs/String Issues spatial override commands to the nav-
igation module, such as re_enter if the
robot detects it has disembarked on the in-
correct floor, or exit_lift when the floor
is successfully verified.

/robot/horn std_msgs/String Commands the hardware to emit an audible
beep to politely alert individuals blocking the
path before escalating to bilingual verbal re-
quests.

/robot/phone_call std_msgs/String Triggers the external communication module
to dial a human operator (e.g., the secretariat)
when autonomous recovery behaviours fail.

/robot/face_state std_msgs/String Publishes a JSON-encoded state descriptor to
update the robot’s facial display, reflecting its
current state.

/robot/text_output std_msgs/String Sends the spoken text string.

/robot/speech_done std_msgs/String Publishes a completion signal once speech
synthesis finishes.
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LED Colors
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Figure C.1: Full palette of forty-four emotion-to-colour mappings used by the LED face display,
where each entry specifies the emotion label and its corresponding hexadecimal colour code.



Appendix D

Results — Supplementary Figures

D.1 DeepEval Evaluation

Figure D.1: Keyword pass rate heatmap for single-turn evaluation, Story × Model. DeepSeek,
Mistral, and Qwen achieve a perfect keyword pass rate across all ten stories; LLaMA fails on six
stories, all driven by connection-issue non-responses.

D.2 General Population Evaluation
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Figure D.2: Per-story preference distribution for the A vs C comparison group (n = 23). Model C
(green) holds the majority in all ten stories.

Figure D.3: Per-story preference distribution for the B vs C comparison group (n = 23). Model C
(green) holds the majority in all ten stories.

Figure D.4: Areas needing improvement selected by evaluators, per model. Response speed dom-
inates for Models A and B; the majority of Model C evaluators selected None — satisfied.
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LLaMA Planning Failure Logs
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(a) Story 1: four redundant search_memory calls for the same Room A005 query, annotated with reason-
ing such as “Verify exact match” and “Confirm exact match”, where a single call suffices.

(b) Story 3: a 20-step plan of exhaustive search_memory calls covering every plausible room identifier
on campus for a simple Coffee Bar navigation request that the leading models resolve in one or two steps.

(c) Story 4: five sequential search_memory calls for Permanent Staff’s Parking under progressively re-
formulated queries rather than issuing a single targeted search and proceeding to navigation.

Figure E.1: Terminal log excerpts showing LLaMA-3.1-8B-Instruct planning failures across
five evaluation stories (continued on next page).



LLaMA Planning Failure Logs 122

(d) Story 5: eight redundant searches for the Administration building, combining search_memory,
search_web, get_robot_status, and check_daily_events calls, before failing to produce a nav-
igation response.

(e) Story 6: rather than refusing the unsafe command immediately, the model searches memory for “roof”,
retrieves semantically adjacent campus locations, and then searches the web for “FEUP roof location”
before failing to produce any response. All three leading models refused this request without invoking a
single tool.

Figure E.1: Terminal log excerpts showing LLaMA-3.1-8B-Instruct planning failures across
five evaluation stories (continued).
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Evaluation Forms

F.1 General Population Form
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Avaliação das Respostas do Robô
Anfitrião
Consentimento Informado

Contexto do estudo: Este formulário enquadra-se numa investigação académica associada a 
um robô anfitrião (Host Robot), desenvolvida no âmbito de uma Dissertação de Mestrado em 
Inteligência Artificial na Faculdade de Engenharia da Universidade do Porto (FEUP).

Objetivo: O estudo tem como finalidade avaliar a qualidade do funcionamento geral do robô 
no que toca ao diálogo entre o utilizador e o robô em versões ligeiramente diferentes. As 
respostas geradas pelo robô incluem o uso de um modelo de Inteligência Artificial. Assuma 
que o robô, em termos físicos, funciona bem, por exemplo, leva a pessoa ao destino certo.

Robô anfitrião: O robô deve cumprir com o pedido razoável do utilizador, possivelmente um 
visitante que não conhece o campus onde a história se passa. 

História: É uma sequência de acontecimentos que poderiam ser reais. Começa com o 
utilizador a fazer um pedido ao robô. Os pedidos do utilizador podem ser simples e diretos ou 
não. Cada história é independente.

O que é pedido: Para cada história, apresenta-se uma introdução às transcrições de 2 
modelos diferentes (identificados por letras). Pedimos que as leia e avalie cada modelo 
segundo 3 critérios, numa escala de concordância de 1 (discordo totalmente) a 5 (concordo 
totalmente). Os critérios são:

Critério Clareza (facilidade de compreensão) da resposta fornecida pelo robô
Critério Precisão (factualidade) de toda a informação fornecida
Critério Espera para obter a resposta 

No final do formulário, também será convidado(a) a responder a três perguntas de avaliação 
global sobre o sistema.

Notas: 

Os pedidos do utilizador são sempre iguais independentemente do modelo e estão 
idenficados por retângulos azuis, as intervenções do robô estão identificadas com a 
cor do respetivo do modelo, para fácil identificação.
Entre intervenções há indicações acerca das ações do robô: informações que recebe e 
que emite, para um maior contexto do avaliador.
O tempo de cada resposta apresentado corresponde ao tempo de geração + tempo de 
fala do robô.
A navegação física do robô não está a ser avaliada.
As informações web recolhidas pelo robô são verdade.

Duração estimada: aproximadamente 10 minutos. Para avaliar diversas histórias e modelos, 
mantendo o tempo de resposta curto, faz-se uma pergunta inicial: o dia de nascimento é par 
ou ímpar? A resposta a essa questão altera o modelo de IA a avaliar, mas a duração do 
inquérito permanece igual.  



Exemplo de história legendado

1.

Marcar tudo o que for aplicável.

Dou o meu consentimento informado do acima mencionado

Proteção de dados e anonimato: A sua participação é voluntária e pode ser interrompida a 
qualquer momento, sem qualquer consequência. Toda a informação fornecida será tratada 
de forma estritamente anónima e utilizada exclusivamente para fins académicos, em 
conformidade com o Regulamento Geral sobre a Proteção de Dados (RGPD). Os dados 
recolhidos são anónimos desde a origem, não permitindo a identificação dos participantes. 
Serão conservados pelo período necessário à conclusão da dissertação e à sua eventual 
publicação académica. 

Esclarecimentos: Para esclarecimentos adicionais, pode contactar: Catarina Monteiro 
<up202105279@edu.fe.up.pt> (estudante, M.IA) e Armando Sousa <asousa@fe.up.pt> 
(supervisor, DEEC da FEUP)

* Indica uma pergunta obrigatória

Consentimento: Ao assinalar esta caixa e prosseguir para o preenchimento deste
formulário, declara que:
* Leu e compreendeu a informação acima apresentada
* Participa voluntariamente neste estudo
* Autoriza a utilização anónima dos dados para fins de investigação académica

*



2.

Marcar tudo o que for aplicável.

Estudante FEUP

Estudante/Profissional na área da Engenharia (Informática/Eletrotécnica) ou Inteligência
Artificial

Tenho conhecimentos em robótica inteligente

Nenhuma das opções acima

3.

Marcar apenas uma oval.

Par Avançar para a pergunta 4

Ímpar Avançar para a pergunta 59

História 1

O utilizador pede ao robô que o leve à Sala A005. Durante o percurso, o robô deteta que está a 
passar pelo jardim da faculdade (landmark) e inclui essa informação ao responder a uma 
pergunta sobre quanto tempo falta para chegar. No final, o robô anuncia a chegada.

Perfil do Inquirido *

Selecione todas as que se apliquem

O seu dia de nascimento é par ou ímpar? *



4.

Marcar apenas uma oval por linha.

Q1.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



5.

Marcar apenas uma oval por linha.

6.

Marcar apenas uma oval por linha.

7.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

8.

Q1.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q1.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q1.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



História 2

Um grupo de estudantes pede ao robô para os guiar até uma aula do Professor Armando 
Sousa na Sala B004. Durante o percurso, o robô deteta que o grupo está a ficar para trás. Ao 
chegar, o professor não está presente, e o robô tem de sugerir uma alternativa: o gabinete do 
docente. 



9.

Marcar apenas uma oval por linha.

10.

Marcar apenas uma oval por linha.

11.

Marcar apenas uma oval por linha.

Q2.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q2.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q2.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



12.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

13.

História 3

O utilizador quer ir ao Coffee Bar, que fica noutro piso. O robô tem de gerir toda a sequência: 
porta fechada, entrada no elevador, indicação do botão a carregar e saída no piso correto.

Q2.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



14.

Marcar apenas uma oval por linha.

Q3.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



15.

Marcar apenas uma oval por linha.

16.

Marcar apenas uma oval por linha.

17.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

18.

Q3.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q3.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q3.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



História 4

O utilizador pede para ser levado ao parque de estacionamento do pessoal permanente. O 
caminho está bloqueado e robô reage pedindo licença. Não conseguindo ultrapassar o 
obstáculo, o robô tenta replanear a rota várias vezes, sem sucesso. Após múltiplas tentativas 
falhadas, o robô deve reconhecer a situação e pedir ajuda, ligando para a secretaria.



19.

Marcar apenas uma oval por linha.

20.

Marcar apenas uma oval por linha.

21.

Marcar apenas uma oval por linha.

Q4.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q4.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q4.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



22.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

23.

História 5

O utilizador pede para ir ao edifício da Administração. O robô confirma o destino e anuncia a 
chegada ao destino final.

Q4.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



24.

Marcar apenas uma oval por linha.

25.

Marcar apenas uma oval por linha.

26.

Marcar apenas uma oval por linha.

Q5.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q5.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q5.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



27.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

28.

História 6

O utilizador faz um pedido claramente perigoso e inadequado ao robô. Esta história testa se o 
robô recusa de forma apropriada, mantendo um tom respeitoso mas firme. 

Q5.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



29.

Marcar apenas uma oval por linha.

30.

Marcar apenas uma oval por linha.

31.

Marcar apenas uma oval por linha.

Q6.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q6.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q6.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



32.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

33.

História 7

O utilizador pergunta ao robô sobre o estado do tempo no Porto, nesse dia. O robô tem de 
recorrer a informação externa (pesquisa web) para responder de forma atual e relevante.

Q6.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



34.

Marcar apenas uma oval por linha.

35.

Marcar apenas uma oval por linha.

36.

Marcar apenas uma oval por linha.

Q7.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q7.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q7.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



37.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

38.

História 8

O utilizador apresenta-se pelo nome, pede para ser levado a uma sala e, mais tarde, pergunta 
ao robô como se chama. Esta história testa se o robô mantém contexto ao longo da conversa.

Q7.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



39.

Marcar apenas uma oval por linha.

40.

Marcar apenas uma oval por linha.

41.

Marcar apenas uma oval por linha.

Q8.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q8.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q8.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



42.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

43.

História 9

O utilizador pede para ir ao Coffee Bar. A meio do percurso pede ao robô para parar. O robô 
deve reagir imediatamente ao comando de pausa de forma clara.

Q8.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



44.

Marcar apenas uma oval por linha.

45.

Marcar apenas uma oval por linha.

46.

Marcar apenas uma oval por linha.

Q9.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q9.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q9.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



47.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

48.

História 10

O utilizador faz o pedido de navegação em português. O robô deve compreender o pedido e 
responder e navegar corretamente. O robô deve responder na mesma língua do utilizador.

Q9.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



49.

Marcar apenas uma oval por linha.

50.

Marcar apenas uma oval por linha.

51.

Marcar apenas uma oval por linha.

Q10.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q10.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Q10.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
A

Modelo
C

Modelo
A

Modelo
C



52.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

53.

Avaliação Global

Esta secção refere-se à sua opinião geral sobre o desempenho do robô, considerando todas 
as histórias avaliadas.

54.

Marcar apenas uma oval.

Modelo A

Modelo C

Sem preferência

55.

1 2 3 4 5

Q10.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)

AG1 - Qual dos modelos lhe pareceu globalmente mais adequado para um robô
anfitrião?

*

AG2.1 - Qual o seu nível de satisfação geral com o modelo A? *



56.

1 2 3 4 5

57.

Marcar tudo o que for aplicável.

58.

História 1

O utilizador pede ao robô que o leve à Sala A005. Durante o percurso, o robô deteta que está a 
passar pelo jardim da faculdade (landmark) e inclui essa informação ao responder a uma 
pergunta sobre quanto tempo falta para chegar. No final, o robô anuncia a chegada.

AG2.1 - Qual o seu nível de satisfação geral com o modelo C? *

AG3 - Quais as áreas que mais necessitam de melhoria? *

Precisão
da

informação

Velocidade
de

resposta

Clareza /
linguagem
utilizada

Neutralidade
/ Tom da
conversa

Gestão de
situações

imprevistas

Nenhuma -
estou

satisfeito(a)
com as

respostas
atuais

Modelo
A

Modelo
C

Modelo
A

Modelo
C

Comentários, sugestões ou observações adicionais

Partilhe qualquer outro aspeto que considere relevante para a avaliação do robô.



59.

Marcar apenas uma oval por linha.

Q1.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



60.

Marcar apenas uma oval por linha.

61.

Marcar apenas uma oval por linha.

62.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

63.

Q1.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q1.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q1.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



História 2

Um grupo de estudantes pede ao robô para os guiar até uma aula do Professor Armando 
Sousa na Sala B004. Durante o percurso, o robô deteta que o grupo está a ficar para trás. Ao 
chegar, o professor não está presente, e o robô tem de sugerir uma alternativa: o gabinete do 
docente.



64.

Marcar apenas uma oval por linha.

65.

Marcar apenas uma oval por linha.

66.

Marcar apenas uma oval por linha.

Q2.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q2.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q2.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



67.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

68.

História 3

O utilizador quer ir ao Coffee Bar, que fica noutro piso. O robô tem de gerir toda a sequência: 
porta fechada, entrada no elevador, indicação do botão a carregar e saída no piso correto.

Q2.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



69.

Marcar apenas uma oval por linha.

Q3.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



70.

Marcar apenas uma oval por linha.

71.

Marcar apenas uma oval por linha.

72.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

73.

Q3.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q3.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q3.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



História 4

O utilizador pede para ser levado ao parque de estacionamento do pessoal permanente. O 
caminho está bloqueado e robô reage pedindo licença. Não conseguindo ultrapassar o 
obstáculo, o robô tenta replanear a rota várias vezes, sem sucesso. Após múltiplas tentativas 
falhadas, o robô deve reconhecer a situação e pedir ajuda, ligando para a secretaria.



74.

Marcar apenas uma oval por linha.

75.

Marcar apenas uma oval por linha.

76.

Marcar apenas uma oval por linha.

Q4.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q4.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q4.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



77.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

78.

História 5

O utilizador pede para ir ao edifício da Administração. O robô confirma o destino e anuncia a 
chegada ao destino final.

Q4.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



79.

Marcar apenas uma oval por linha.

80.

Marcar apenas uma oval por linha.

81.

Marcar apenas uma oval por linha.

Q5.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q5.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q5.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



82.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

83.

História 6

O utilizador faz um pedido claramente perigoso e inadequado ao robô. Esta história testa se o 
robô recusa de forma apropriada, mantendo um tom respeitoso mas firme. 

Q5.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



84.

Marcar apenas uma oval por linha.

85.

Marcar apenas uma oval por linha.

86.

Marcar apenas uma oval por linha.

Q6.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q6.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q6.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



87.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

88.

História 7

O utilizador pergunta ao robô sobre o estado do tempo no Porto, nesse dia. O robô tem de 
recorrer a informação externa (pesquisa web) para responder de forma atual e relevante.

Q6.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



89.

Marcar apenas uma oval por linha.

90.

Marcar apenas uma oval por linha.

91.

Marcar apenas uma oval por linha.

Q7.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q7.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q7.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



92.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

93.

História 8

O utilizador apresenta-se pelo nome, pede para ser levado a uma sala e, mais tarde, pergunta 
ao robô como se chama. Esta história testa se o robô mantém contexto ao longo da conversa.

Q7.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



94.

Marcar apenas uma oval por linha.

95.

Marcar apenas uma oval por linha.

96.

Marcar apenas uma oval por linha.

Q8.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q8.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q8.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



97.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

98.

História 9

O utilizador pede para ir ao Coffee Bar. A meio do percurso pede ao robô para parar. O robô 
deve reagir imediatamente ao comando de pausa de forma clara.

Q8.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



99.

Marcar apenas uma oval por linha.

100.

Marcar apenas uma oval por linha.

101.

Marcar apenas uma oval por linha.

Q9.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q9.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q9.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



102.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

103.

História 10

O utilizador faz o pedido de navegação em português. O robô deve compreender o pedido e 
responder e navegar corretamente. O robô deve responder na mesma língua do utilizador.

Q9.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)



104.

Marcar apenas uma oval por linha.

105.

Marcar apenas uma oval por linha.

106.

Marcar apenas uma oval por linha.

Q10.1 — As respostas foram claras e fáceis de entender *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q10.2 — As respostas foram precisas e factuais *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Q10.3 — A espera para obter as respostas foi adequadamente curta *

1 -
Discordo

totalmente

2 -
Discordo

3 - Não
concordo

nem
discordo

4 -
Concordo

5 -
Concordo
totalmente

Modelo
B

Modelo
C

Modelo
B

Modelo
C



107.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

108.

Avaliação Global

Esta secção refere-se à sua opinião geral sobre o desempenho do robô, considerando todas 
as histórias avaliadas.

109.

Marcar apenas uma oval.

Modelo B

Modelo C

Sem preferência

110.

1 2 3 4 5

Q10.4 - Qual o modelo que preferiu globalmente nesta história? *

Comentários ou justificações (opcional)

AG1 - Qual dos modelos lhe pareceu globalmente mais adequado para um robô
anfitrião?

*

AG2.1 - Qual o seu nível de satisfação geral com o modelo B? *



111.

1 2 3 4 5

112.

Marcar tudo o que for aplicável.

113.

Este conteúdo não foi criado nem aprovado pela Google.

AG2.1 - Qual o seu nível de satisfação geral com o modelo C? *

AG3 - Quais as áreas que mais necessitam de melhoria? *

Precisão
da

informação

Velocidade
de

resposta

Clareza /
linguagem
utilizada

Neutralidade
/ Tom da
conversa

Gestão de
situações

imprevistas

Nenhuma -
estou

satisfeito(a)
com as

respostas
atuais

Modelo
B

Modelo
C

Modelo
B

Modelo
C

Comentários, sugestões ou observações adicionais

Partilhe qualquer outro aspeto que considere relevante para a avaliação do robô.

 Formulários
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Avaliação das Respostas do Robô Anfitrião
Contexto inicial do Robô

Considere que o robô está no piso 0 do Edifício A da FEUP, em frente ao InfoDesk.

Consentimento Informado

Este formulário enquadra-se numa investigação académica desenvolvida no âmbito de uma 
Dissertação de Mestrado em Inteligência Artificial na Faculdade de Engenharia da 
Universidade do Porto (FEUP).

Objetivo: O estudo tem como finalidade avaliar a qualidade das respostas geradas por um sistema 
que inclui um LLM, integrado num robô anfitrião.

Pedido:
A sua participação consiste em avaliar, para cada uma das 18 interações registadas, três critérios:

Critério Clareza (facilidade de compreensão) da resposta fornecida pelo robô
Critério Precisão (factualidade) de toda a informação fornecida
Critério Espera para obter a resposta 

No final do formulário, será também convidado/a a responder a duas perguntas de avaliação 
global sobre o sistema.

Duração estimada: aproximadamente 15 minutos.

Proteção de dados e anonimato:
A sua participação é voluntária e pode ser interrompida a qualquer momento, sem qualquer 
consequência. Toda a informação fornecida será tratada de forma estritamente anónima e 
utilizada exclusivamente para fins académicos, em conformidade com o Regulamento Geral 
sobre a Proteção de Dados (RGPD). Os dados recolhidos são anónimos desde a origem, não 
permitindo a identificação dos participantes. Serão conservados pelo período necessário à 
conclusão da dissertação e eventual publicação académica. 

Esclarecimentos: Para esclarecimentos adicionais, pode contactar: Catarina Monteiro 
<up202105279@edu.fe.up.pt> (estudante, M.IA) e Armando Sousa <asousa@fe.up.pt> 
(supervisor, FEUP, DEEC)



1.

Marcar tudo o que for aplicável.

Dou o meu consentimento informado do acima mencionado

Questão 1

👤 UTILIZADOR: "Onde fica o auditório principal?"

🤖 ROBÔ: "O Auditório Principal está localizado no edifício A, no primeiro andar, na sala A101. 
Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 4.93s

* Indica uma pergunta obrigatória

Consentimento: Ao assinalar esta caixa e prosseguir para o preenchimento deste
formulário, declara que:
* Leu e compreendeu a informação acima apresentada
* Participa voluntariamente neste estudo
* Autoriza a utilização anónima dos dados para fins de investigação académica

*



2.

Marcar apenas uma oval por linha.

3.

Questão 2

👤 UTILIZADOR: "Onde fica a sala B032?"

🤖 ROBÔ: "A Sala B032 está localizada no edifício B IV, no mesmo nível do solo. Posso guiá-lo até lá 
se desejar."

⏱ Tempo de resposta: 5.42s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q1.1 — A
resposta foi
clara e fácil de
entender

Q1.2 — A
resposta foi
precisa e
factual

Q1.3 — A
espera para
obter a
resposta
(4.93s) foi
adequadamente
curta

Q1.1 — A
resposta foi
clara e fácil de
entender

Q1.2 — A
resposta foi
precisa e
factual

Q1.3 — A
espera para
obter a
resposta
(4.93s) foi
adequadamente
curta

Q1.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



4.

Marcar apenas uma oval por linha.

5.

Questão 3

👤 UTILIZADOR: "Onde fica o InescTec?"

🤖 ROBÔ: "O InescTec está localizado em dois edifícios: o Edifício S1 e o Edifício S2, ambos no piso 
0. Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 5.54s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q2.1 — A
resposta foi
clara e fácil de
entender

Q2.2 — A
resposta foi
precisa e
factual

Q2.3 — A
espera para
obter a
resposta
(5.42s) foi
adequadamente
curta

Q2.1 — A
resposta foi
clara e fácil de
entender

Q2.2 — A
resposta foi
precisa e
factual

Q2.3 — A
espera para
obter a
resposta
(5.42s) foi
adequadamente
curta

Q2.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



6.

Marcar apenas uma oval por linha.

7.

Questão 4

👤 UTILIZADOR: "Onde fica o laboratório I105?"

🤖 ROBÔ: "O laboratório I105 está localizado no prédio I, no primeiro andar. Posso guiá-lo até lá se 
desejar."

⏱ Tempo de resposta: 5.17s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q3.1 — A
resposta foi
clara e fácil de
entender

Q3.2 — A
resposta foi
precisa e
factual

Q3.3 — A
espera para
obter a
resposta
(5.54s) foi
adequadamente
curta

Q3.1 — A
resposta foi
clara e fácil de
entender

Q3.2 — A
resposta foi
precisa e
factual

Q3.3 — A
espera para
obter a
resposta
(5.54s) foi
adequadamente
curta

Q3.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



8.

Marcar apenas uma oval por linha.

9.

Questão 5

👤 UTILIZADOR: "Onde fica a Biblioteca?"

🤖 ROBÔ: "A biblioteca está localizada no edifício C, no piso 0. Posso guiá-lo até lá se você quiser."

⏱ Tempo de resposta: 5.71s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q4.1 — A
resposta foi
clara e fácil de
entender

Q4.2 — A
resposta foi
precisa e
factual

Q4.3 — A
espera para
obter a
resposta
(5.17s) foi
adequadamente
curta

Q4.1 — A
resposta foi
clara e fácil de
entender

Q4.2 — A
resposta foi
precisa e
factual

Q4.3 — A
espera para
obter a
resposta
(5.17s) foi
adequadamente
curta

Q4.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



10.

Marcar apenas uma oval por linha.

11.

Questão 6

👤 UTILIZADOR: "Onde fica o CICA?"

🤖 ROBÔ: "O CICA está localizado no edifício D, no piso 0. Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 5.24s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q5.1 — A
resposta foi
clara e fácil de
entender

Q5.2 — A
resposta foi
precisa e
factual

Q5.3 — A
espera para
obter a
resposta
(5.71s) foi
adequadamente
curta

Q5.1 — A
resposta foi
clara e fácil de
entender

Q5.2 — A
resposta foi
precisa e
factual

Q5.3 — A
espera para
obter a
resposta
(5.71s) foi
adequadamente
curta

Q5.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



12.

Marcar apenas uma oval por linha.

13.

Questão 7

👤 UTILIZADOR: "Onde posso levantar bilhetes para um concerto?"

🤖 ROBÔ: "Você pode levantar bilhetes para concertos no Infodesk, que fica na Sala A003B, no 
mesmo andar onde estou. O horário de funcionamento é das 9:30 às 13:00 e das 14:00 às 17:30. Posso 
guiá-lo até lá, se desejar."

⏱ Tempo de resposta: 5.95s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q6.1 — A
resposta foi
clara e fácil de
entender

Q6.2 — A
resposta foi
precisa e
factual

Q6.3 — A
espera para
obter a
resposta
(5.24s) foi
adequadamente
curta

Q6.1 — A
resposta foi
clara e fácil de
entender

Q6.2 — A
resposta foi
precisa e
factual

Q6.3 — A
espera para
obter a
resposta
(5.24s) foi
adequadamente
curta

Q6.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



14.

Marcar apenas uma oval por linha.

15.

Questão 8

👤 UTILIZADOR: "Onde fica o museu da FEUP?"

🤖 ROBÔ: "O Museu da FEUP está localizado no edifício C, no piso 0. Posso guiá-lo até lá se 
desejar."

⏱ Tempo de resposta: 5.12s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q7.1 — A
resposta foi
clara e fácil de
entender

Q7.2 — A
resposta foi
precisa e
factual

Q7.3 — A
espera para
obter a
resposta
(9.49s) foi
adequadamente
curta

Q7.1 — A
resposta foi
clara e fácil de
entender

Q7.2 — A
resposta foi
precisa e
factual

Q7.3 — A
espera para
obter a
resposta
(9.49s) foi
adequadamente
curta

Q7.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



16.

Marcar apenas uma oval por linha.

17.

Questão 9

👤 UTILIZADOR: "Onde fica o Outgoing?"

🤖 ROBÔ: "O Outgoing está localizado no edifício A, no segundo andar, na sala A214A. Posso te 
guiar até lá se você quiser."

⏱ Tempo de resposta: 5.31s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q8.1 — A
resposta foi
clara e fácil de
entender

Q8.2 — A
resposta foi
precisa e
factual

Q8.3 — A
espera para
obter a
resposta
(5.12s) foi
adequadamente
curta

Q8.1 — A
resposta foi
clara e fácil de
entender

Q8.2 — A
resposta foi
precisa e
factual

Q8.3 — A
espera para
obter a
resposta
(5.12s) foi
adequadamente
curta

Q8.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



18.

Marcar apenas uma oval por linha.

19.

Questão 10

👤 UTILIZADOR: "Onde fica o Incoming?"

🤖 ROBÔ: "O Incoming está localizado no edifício A, no segundo andar, na sala A214A. Posso guiá-lo 
até lá se desejar."

⏱ Tempo de resposta: 4.96s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q9.1 — A
resposta foi
clara e fácil de
entender

Q9.2 — A
resposta foi
precisa e
factual

Q9.3 — A
espera para
obter a
resposta
(5.31s) foi
adequadamente
curta

Q9.1 — A
resposta foi
clara e fácil de
entender

Q9.2 — A
resposta foi
precisa e
factual

Q9.3 — A
espera para
obter a
resposta
(5.31s) foi
adequadamente
curta

Q9.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



20.

Marcar apenas uma oval por linha.

21.

Questão 11

👤 UTILIZADOR: "Onde fica o IPoint?"

🤖 ROBÔ: "O IPoint está localizado no edifício A, no segundo andar, na sala A214A. Posso guiá-lo até 
lá se desejar."

⏱ Tempo de resposta: 5.13s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q10.1 — A
resposta foi
clara e fácil de
entender

Q10.2 — A
resposta foi
precisa e
factual

Q10.3 — A
espera para
obter a
resposta
(4.96s) foi
adequadamente
curta

Q10.1 — A
resposta foi
clara e fácil de
entender

Q10.2 — A
resposta foi
precisa e
factual

Q10.3 — A
espera para
obter a
resposta
(4.96s) foi
adequadamente
curta

Q10.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



22.

Marcar apenas uma oval por linha.

23.

Questão 12

👤 UTILIZADOR: "Onde ficam os Serviços Académicos?"

🤖 ROBÔ: "Os Serviços Académicos ficam na Sala A002, no mesmo andar onde estou atualmente. 
Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 5.22s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q11.1 — A
resposta foi
clara e fácil de
entender

Q11.2 — A
resposta foi
precisa e
factual

Q11.3 — A
espera para
obter a
resposta
(5.13s) foi
adequadamente
curta

Q11.1 — A
resposta foi
clara e fácil de
entender

Q11.2 — A
resposta foi
precisa e
factual

Q11.3 — A
espera para
obter a
resposta
(5.13s) foi
adequadamente
curta

Q11.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



24.

Marcar apenas uma oval por linha.

25.

Questão 13

👤 UTILIZADOR: "Onde fica a Tesouraria?"

🤖 ROBÔ: "A Tesouraria está localizada no edifício A, no primeiro andar, sala A179. Posso te guiar até 
lá se você quiser."

⏱ Tempo de resposta: 5.45s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q12.1 — A
resposta foi
clara e fácil de
entender

Q12.2 — A
resposta foi
precisa e
factual

Q12.3 — A
espera para
obter a
resposta
(5.22s) foi
adequadamente
curta

Q12.1 — A
resposta foi
clara e fácil de
entender

Q12.2 — A
resposta foi
precisa e
factual

Q12.3 — A
espera para
obter a
resposta
(5.22s) foi
adequadamente
curta

Q12.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



26.

Marcar apenas uma oval por linha.

27.

Questão 14

👤 UTILIZADOR: "Qual o horário da Secretaria de Informática?"

🤖 ROBÔ: "A Secretaria de Informática do DEI está aberta de segunda a sexta-feira, das 10h00 às 
12h00 e das 14h30 às 16h30."

⏱ Tempo de resposta: 14.49s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q13.1 — A
resposta foi
clara e fácil de
entender

Q13.2 — A
resposta foi
precisa e
factual

Q13.3 — A
espera para
obter a
resposta
(5.45s) foi
adequadamente
curta

Q13.1 — A
resposta foi
clara e fácil de
entender

Q13.2 — A
resposta foi
precisa e
factual

Q13.3 — A
espera para
obter a
resposta
(5.45s) foi
adequadamente
curta

Q13.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



28.

Marcar apenas uma oval por linha.

29.

Questão 15

👤 UTILIZADOR: "Onde ficam as casas de banho?"

🤖 ROBÔ: "As casas de banho mais próximas estão no mesmo andar, nos seguintes locais: Sala A093, 
Sala A094, Sala A095 e Sala A096."

⏱ Tempo de resposta: 10.47s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q14.1 — A
resposta foi
clara e fácil de
entender

Q14.2 — A
resposta foi
precisa e
factual

Q14.3 — A
espera para
obter a
resposta
(14.49s) foi
adequadamente
curta

Q14.1 — A
resposta foi
clara e fácil de
entender

Q14.2 — A
resposta foi
precisa e
factual

Q14.3 — A
espera para
obter a
resposta
(14.49s) foi
adequadamente
curta

Q14.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



30.

Marcar apenas uma oval por linha.

31.

Questão 16

👤 UTILIZADOR: "Como funcionam as casas de banho femininas e masculinas nos edifícios B?"

🤖 ROBÔ: "Nos edifícios B I, II, III e IV, as casas de banho femininas estão localizadas no primeiro e 
terceiro andares, enquanto as casas de banho masculinas estão no térreo e no segundo andar. Posso guiá-
lo até lá, se desejar."

⏱ Tempo de resposta: 9.8s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q15.1 — A
resposta foi
clara e fácil de
entender

Q15.2 — A
resposta foi
precisa e
factual

Q15.3 — A
espera para
obter a
resposta
(10.47s) foi
adequadamente
curta

Q15.1 — A
resposta foi
clara e fácil de
entender

Q15.2 — A
resposta foi
precisa e
factual

Q15.3 — A
espera para
obter a
resposta
(10.47s) foi
adequadamente
curta

Q15.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



32.

Marcar apenas uma oval por linha.

33.

Questão 17

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q16.1 — A
resposta foi
clara e fácil de
entender

Q16.2 — A
resposta foi
precisa e
factual

Q16.3 — A
espera para
obter a
resposta (9.8s)
foi
adequadamente
curta

Q16.1 — A
resposta foi
clara e fácil de
entender

Q16.2 — A
resposta foi
precisa e
factual

Q16.3 — A
espera para
obter a
resposta (9.8s)
foi
adequadamente
curta

Q16.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



👤 UTILIZADOR: "Estou aqui para um evento, onde devo fazer o meu check-in?"

🤖 ROBÔ: "O check-in para o seu evento está localizado na Sala A115, no 1º andar do Edifício A. 
Posso guiá-lo até lá se desejar."
⏱ Tempo de resposta: 8.44s

👤 UTILIZADOR: "E onde fica o bengaleiro?"

🤖 ROBÔ: "O bengaleiro está localizado na Sala A116, no 1º andar do Edifício A. Posso guiá-lo até lá, 
se desejar."
⏱ Tempo de resposta: 11.93s

34.

Marcar apenas uma oval por linha.

35.

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q17.1 — A
resposta foi
clara e fácil de
entender

Q17.2 — A
resposta foi
precisa e
factual

Q17.3 — A
espera para
obter a
resposta (8.44s
e 11.93s) foi
adequadamente
curta

Q17.1 — A
resposta foi
clara e fácil de
entender

Q17.2 — A
resposta foi
precisa e
factual

Q17.3 — A
espera para
obter a
resposta (8.44s
e 11.93s) foi
adequadamente
curta

Q17.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



Questão 18

👤 UTILIZADOR: "Que informações me consegue dar acerca do evento "Educação em Engenharia 
2030"?"

🤖 ROBÔ: "O evento 'Educação em Engenharia 2030: Caminhos de Inovação Pedagógica' é um 
workshop que irá decorrer nos dias 16 e 17 de junho de 2026, na FEUP. O evento será organizado pelo 
Gabinete de Inovação Pedagógica (GIP) e irá debater metodologias ativas e ferramentas digitais para o 
ensino da engenharia. O programa inclui palestras inspiradoras e sessões práticas nos laboratórios 
pedagógicos. Gostaria de mais informações ou posso ajudá-lo a chegar ao local do evento?"
⏱ Tempo de resposta: 11.12s

👤 UTILIZADOR: "Sim, que outras informações há, acerca de local, horário...?"

🤖 ROBÔ: "O evento 'Educação em Engenharia 2030: Caminhos de Inovação Pedagógica' irá decorrer 
nos dias 16 e 17 de junho de 2026, na FEUP. O evento é organizado pelo Gabinete de Inovação 
Pedagógica (GIP) e inclui palestras inspiradoras no Auditório B001 e sessões práticas nos Laboratórios 
Pedagógicos 1-105. Ο programa inicia-se no dia 16 de junho às 14h00 e encerra no dia 17 de junho. 
Gostaria de mais informações ou posso ajudá-lo a chegar ao local do evento?"
⏱ Tempo de resposta: 9.59s



36.

Marcar apenas uma oval por linha.

37.

Avaliação Global

Esta secção refere-se à sua opinião geral sobre o desempenho do robô, considerando todas as 
interações avaliadas.

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q18.1 — A
resposta foi
clara e fácil de
entender

Q18.2 — A
resposta foi
precisa e
factual

Q18.3 — A
espera para
obter a
resposta
(11.12s e
9.59s) foi
adequadamente
curta

Q18.1 — A
resposta foi
clara e fácil de
entender

Q18.2 — A
resposta foi
precisa e
factual

Q18.3 — A
espera para
obter a
resposta
(11.12s e
9.59s) foi
adequadamente
curta

Q18.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



38.

Marcar apenas uma oval.

Muito Insatisfeito(a)

1 2 3 4 5

Muito Satisfeito(a)

39.

Outra:

Marcar tudo o que for aplicável.

Precisão da informação

Velocidade de resposta

Clareza / Linguagem utilizada

Naturalidade / Tom da conversa

Nenhuma — estou satisfeito(a) com as respostas atuais

40.

Este conteúdo não foi criado nem aprovado pela Google.

Qual foi o seu nível de satisfação global com as respostas do robô? *

1 = Muito Insatisfeito(a)   |   5 = Muito Satisfeito(a)

Quais as áreas que, na sua opinião, necessitam de melhoria nas respostas do robô? *

Selecione todas as que se aplicam.

Comentários, sugestões ou observações adicionais

Partilhe qualquer outro aspeto que considere relevante para a avaliação do robô, no contexto do
InfoDesk.

 Formulários
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Avaliação das Respostas do Robô
Anfitrião
Contexto inicial do Robô

Considere que o robô está no piso 0 do Edifício A da FEUP, em frente ao InfoDesk.

Consentimento Informado

Este formulário enquadra-se numa investigação académica desenvolvida no âmbito de 
uma Dissertação de Mestrado em Inteligência Artificial na Faculdade de Engenharia da 
Universidade do Porto (FEUP).

Objetivo: O estudo tem como finalidade avaliar a qualidade das respostas geradas por 
um sistema que inclui um LLM, integrado num robô anfitrião.

Pedido:
A sua participação consiste em avaliar, para cada uma das X interações registadas, três 
critérios:

Critério Clareza (facilidade de compreensão) da resposta fornecida pelo robô
Critério Precisão (factualidade) de toda a informação fornecida
Critério Espera para obter a resposta 

No final do formulário, será também convidado/a a responder a duas perguntas de 
avaliação global sobre o sistema.

Nota: O tempo de cada resposta apresentado corresponde ao tempo de geração + 
tempo de fala do robô.

Duração estimada: aproximadamente 10 minutos.

Proteção de dados e anonimato:
A sua participação é voluntária e pode ser interrompida a qualquer momento, sem 
qualquer consequência. Toda a informação fornecida será tratada de forma estritamente 
anónima e utilizada exclusivamente para fins académicos, em conformidade com o 
Regulamento Geral sobre a Proteção de Dados (RGPD). Os dados recolhidos são 
anónimos desde a origem, não permitindo a identificação dos participantes. Serão 



1.

Marcar tudo o que for aplicável.

Dou o meu consentimento informado do acima mencionado

Questão 2

👤 UTILIZADOR: "Onde fica a sala B032?"

🤖 ROBÔ: "A sala B032 está localizada no edifício B, no mesmo nível do solo. Posso guiá-lo 
até lá se desejar"

⏱ Tempo de resposta: 4.32s

conservados pelo período necessário à conclusão da dissertação e eventual publicação 
académica. 

Esclarecimentos: Para esclarecimentos adicionais, pode contactar: Catarina Monteiro 
<up202105279@edu.fe.up.pt> (estudante, M.IA) e Armando Sousa <asousa@fe.up.pt> 
(supervisor, FEUP, DEEC)

* Indica uma pergunta obrigatória

Consentimento: Ao assinalar esta caixa e prosseguir para o preenchimento
deste formulário, declara que:
* Leu e compreendeu a informação acima apresentada
* Participa voluntariamente neste estudo
* Autoriza a utilização anónima dos dados para fins de investigação académica

*



2.

Marcar apenas uma oval por linha.

3.

Questão 3

👤 UTILIZADOR: "Onde fica o InescTec?"

🤖 ROBÔ: "O InescTec está localizado nos edifícios S1 e S2. Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 4.48s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q2.1 — A
resposta foi
clara e fácil de
entender

Q2.2 — A
resposta foi
precisa e
factual

Q2.3 — A
espera para
obter a
resposta
(4.32s) foi
adequadamente
curta

Q2.1 — A
resposta foi
clara e fácil de
entender

Q2.2 — A
resposta foi
precisa e
factual

Q2.3 — A
espera para
obter a
resposta
(4.32s) foi
adequadamente
curta

Q2.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



4.

Marcar apenas uma oval por linha.

5.

Questão 5

👤 UTILIZADOR: "Onde fica a Biblioteca?"

🤖 ROBÔ: "A Biblioteca fica no Edifício C. No piso 0, você pode encontrar a Sala de 
Exposições Temporárias do Museu. Gostaria que eu o guiasse até lá?"

⏱ Tempo de resposta: 5.25s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q3.1 — A
resposta foi
clara e fácil de
entender

Q3.2 — A
resposta foi
precisa e
factual

Q3.3 — A
espera para
obter a
resposta
(4.48s) foi
adequadamente
curta

Q3.1 — A
resposta foi
clara e fácil de
entender

Q3.2 — A
resposta foi
precisa e
factual

Q3.3 — A
espera para
obter a
resposta
(4.48s) foi
adequadamente
curta

Q3.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



6.

Marcar apenas uma oval por linha.

7.

Questão 6

👤 UTILIZADOR: "Onde fica o CICA?"

🤖 ROBÔ: "O CICA está localizado no Edifício D. Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 4.97s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q5.1 — A
resposta foi
clara e fácil de
entender

Q5.2 — A
resposta foi
precisa e
factual

Q5.3 — A
espera para
obter a
resposta
(5.25s) foi
adequadamente
curta

Q5.1 — A
resposta foi
clara e fácil de
entender

Q5.2 — A
resposta foi
precisa e
factual

Q5.3 — A
espera para
obter a
resposta
(5.25s) foi
adequadamente
curta

Q5.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



8.

Marcar apenas uma oval por linha.

9.

Questão 8

👤 UTILIZADOR: "Onde fica o museu da FEUP?"

🤖 ROBÔ: "O Museu da FEUP está espalhado por todos os edifícios da FEUP, mas o principal 
local é a Sala de Exposições Temporárias no Edifício C, no piso 0. O horário de funcionamento 
é de segunda a sexta-feira, das 9h às 17h. Posso guiá-lo até lá se desejar.

⏱ Tempo de resposta: 5.94s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q6.1 — A
resposta foi
clara e fácil de
entender

Q6.2 — A
resposta foi
precisa e
factual

Q6.3 — A
espera para
obter a
resposta
(4.97s) foi
adequadamente
curta

Q6.1 — A
resposta foi
clara e fácil de
entender

Q6.2 — A
resposta foi
precisa e
factual

Q6.3 — A
espera para
obter a
resposta
(4.97s) foi
adequadamente
curta

Q6.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o aqui.



10.

Marcar apenas uma oval por linha.

11.

Questão 9

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q8.1 — A
resposta foi
clara e fácil de
entender

Q8.2 — A
resposta foi
precisa e
factual

Q8.3 — A
espera para
obter a
resposta
(5.94s) foi
adequadamente
curta

Q8.1 — A
resposta foi
clara e fácil de
entender

Q8.2 — A
resposta foi
precisa e
factual

Q8.3 — A
espera para
obter a
resposta
(5.94s) foi
adequadamente
curta

Q8.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o
aqui.



👤 UTILIZADOR: "Onde fica o Outgoing?"

🤖 ROBÔ: "O Outgoing está localizado no edifício A, no segundo andar, na sala A214A. Posso 
te guiar até lá se você quiser."

⏱ Tempo de resposta: 5.31s

👤 UTILIZADOR: "E qual o horário?"

🤖 ROBÔ:  "O horário de atendimento é de segunda a quinta-feira, das 9:30 às 12:45. Posso 
guiá-lo até lá se desejar"

⏱ Tempo de resposta: 4.12

12.

Marcar apenas uma oval por linha.

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q9.1 — A
resposta foi
clara e fácil de
entender

Q9.2 — A
resposta foi
precisa e
factual

Q9.3 — A
espera para
obter a
resposta (5.31s
e 4.12s) foi
adequadamente
curta

Q9.1 — A
resposta foi
clara e fácil de
entender

Q9.2 — A
resposta foi
precisa e
factual

Q9.3 — A
espera para
obter a
resposta (5.31s
e 4.12s) foi
adequadamente
curta



13.

Questão 12

👤 UTILIZADOR: "Onde ficam os Serviços Académicos?"

🤖 ROBÔ: "Os Serviços Académicos ficam na Sala A002, no mesmo andar onde estou 
atualmente. Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 5.22s

👤 UTILIZADOR: "E qual o horário?"

🤖 ROBÔ: "O horário de atendimento é de segunda a sexta-feira, das 9:00 às 12:30 e das 
14:00 às 17:00.Posso guiá-lo até lá se desejar"

⏱ Tempo de resposta: 4.28s

Q9.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o
aqui.



14.

Marcar apenas uma oval por linha.

15.

Questão 13

👤 UTILIZADOR: "Onde fica a Tesouraria e qual o seu horário?"

🤖 ROBÔ: "A Tesouraria está localizada no Edifício B, no Piso 0, na Sala B036. O horário de 
atendimento é das 11:00 às 16:00. Posso guiá-lo até lá se desejar."

⏱ Tempo de resposta: 5.08s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q12.1 — A
resposta foi
clara e fácil de
entender

Q12.2 — A
resposta foi
precisa e
factual

Q12.3 — A
espera para
obter a
resposta (5.22s
e 4.28s) foi
adequadamente
curta

Q12.1 — A
resposta foi
clara e fácil de
entender

Q12.2 — A
resposta foi
precisa e
factual

Q12.3 — A
espera para
obter a
resposta (5.22s
e 4.28s) foi
adequadamente
curta

Q12.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o
aqui.



16.

Marcar apenas uma oval por linha.

17.

Questão 14

👤 UTILIZADOR: "Qual o horário e a Sala da Secretaria de Informática?"

🤖 ROBÔ: "A Secretaria de Informática está localizada no Edifício I, Sala I012A. O horário de 
funcionamento é das 10:00 às 12:00 e das 14:30 às 16:30. Posso guiá-lo até lá, se desejar."

⏱ Tempo de resposta: 5.13s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q13.1 — A
resposta foi
clara e fácil de
entender

Q13.2 — A
resposta foi
precisa e
factual

Q13.3 — A
espera para
obter a
resposta
(5.08s) foi
adequadamente
curta

Q13.1 — A
resposta foi
clara e fácil de
entender

Q13.2 — A
resposta foi
precisa e
factual

Q13.3 — A
espera para
obter a
resposta
(5.08s) foi
adequadamente
curta

Q13.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o
aqui.



18.

Marcar apenas uma oval por linha.

19.

Questão 15

👤 UTILIZADOR: "Onde ficam as casas de banho?"

🤖 ROBÔ: "As casas de banho mais próximas estão no mesmo edifício. No piso 0, você pode 
encontrar os sanitários masculinos na sala A094 e os sanitários femininos na sala A095. Há 
também um sanitário adaptado na sala A096. Posso guiá-lo até lá se precisar.'"

⏱ Tempo de resposta: 10.56s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q14.1 — A
resposta foi
clara e fácil de
entender

Q14.2 — A
resposta foi
precisa e
factual

Q14.3 — A
espera para
obter a
resposta
(5.13s) foi
adequadamente
curta

Q14.1 — A
resposta foi
clara e fácil de
entender

Q14.2 — A
resposta foi
precisa e
factual

Q14.3 — A
espera para
obter a
resposta
(5.13s) foi
adequadamente
curta

Q14.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o
aqui.



20.

Marcar apenas uma oval por linha.

21.

Questão 16

👤 UTILIZADOR: "Como funcionam as casas de banho femininas e masculinas nos edifícios 
B?"

🤖 ROBÔ: "Nos edifícios B as casas de banho femininas estão localizadas no primeiro e 
terceiro andares, enquanto as casas de banho masculinas estão no térreo e no segundo 
andar. Posso guiá-lo até lá, se desejar."

⏱ Tempo de resposta: 8.97s

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q15.1 — A
resposta foi
clara e fácil de
entender

Q15.2 — A
resposta foi
precisa e
factual

Q15.3 — A
espera para
obter a
resposta
(10.56s) foi
adequadamente
curta

Q15.1 — A
resposta foi
clara e fácil de
entender

Q15.2 — A
resposta foi
precisa e
factual

Q15.3 — A
espera para
obter a
resposta
(10.56s) foi
adequadamente
curta

Q15.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o
aqui.



22.

Marcar apenas uma oval por linha.

23.

Avaliação Global

Esta secção refere-se à sua opinião geral sobre o desempenho do robô, considerando 
todas as interações avaliadas.

*

1 —
Discordo

totalmente

2 —
Discordo

3 — Não
concordo

nem
discordo

4 —
Concordo

5 —
Concordo
totalmente

Q16.1 — A
resposta foi
clara e fácil de
entender

Q16.2 — A
resposta foi
precisa e
factual

Q16.3 — A
espera para
obter a
resposta
(8.97s) foi
adequadamente
curta

Q16.1 — A
resposta foi
clara e fácil de
entender

Q16.2 — A
resposta foi
precisa e
factual

Q16.3 — A
espera para
obter a
resposta
(8.97s) foi
adequadamente
curta

Q16.4 — Observações (opcional)

Se detetou algum erro, imprecisão ou aspeto a melhorar nesta resposta, descreva-o
aqui.



24.

Marcar apenas uma oval.

Muito Insatisfeito(a)

1 2 3 4 5

Muito Satisfeito(a)

25.

Marcar apenas uma oval.

Discordo Totalmente

1 2 3 4 5

Concordo totalmente

26.

Outra:

Marcar tudo o que for aplicável.

Precisão da informação

Velocidade de resposta

Clareza / Linguagem utilizada

Naturalidade / Tom da conversa

Nenhuma — estou satisfeito(a) com as respostas atuais

Qual foi o seu nível de satisfação global com as respostas do robô? *

1 = Muito Insatisfeito(a)   |   5 = Muito Satisfeito(a)

Considera que houve melhorias do primeiro conjunto de respostas para o
segundo?

*

1 = Discordo Totalmente | 5 = Concordo totalmente

Quais as áreas que, na sua opinião, necessitam de melhoria nas respostas do
robô?

*

Selecione todas as que se aplicam.



27.

Este conteúdo não foi criado nem aprovado pela Google.

Comentários, sugestões ou observações adicionais

Partilhe qualquer outro aspeto que considere relevante para a avaliação do robô, no
contexto do InfoDesk.

 Formulários
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