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ABSTRACT

Retrieval-augmented generation (RAG) is increasingly adopted in organisational envi-
ronments where strict data governance requirements limit the use of externally hosted
large language models. In such settings, models must often be deployed locally and op-
erate under computational and infrastructural constraints. While prior research typically
evaluates retrieval-augmented systems under benchmark conditions with carefully formu-
lated queries, far less is known about their robustness under realistic query variation and
deployment restrictions. This work investigates how structured differences in query for-
mulation influence retrieval quality and downstream generation behaviour in constrained
settings. Queries are systematically varied across expert, natural, and naive formulations
in order to examine how linguistic structure and domain knowledge shape system perfor-
mance. The analysis distinguishes between retrieval adequacy and evidence utilisation,
thereby enabling a focused assessment of how retrieved information is selected and incor-
porated into generated answers. The results show that query formulation constitutes a cen-
tral design factor. Ranking quality declines substantially from expert to naive queries in
several configurations, revealing pronounced sensitivity to input structure. Post-retrieval
refinement exhibits conditional effectiveness rather than stable improvement. Moreover,
high levels of retrieval recall do not consistently translate into correct and faithful answers.
This utilisation gap indicates that the presence of relevant evidence alone is insufficient to
guarantee reliable generation. Overall, the findings demonstrate that retrieval-augmented
systems deployed under organisational constraints are structurally sensitive to query for-
mulation. The study provides empirical evidence on robustness under realistic conditions
and highlights the need for evaluation frameworks that account for deployment constraints

and variation in user input rather than idealised benchmark scenarios.

KEYWORDS: Retrieval-Augmented Generation; Small Language Models; Query Formu-
lation Robustness; Evidence Utilisation Gap; Governance Constrained Al; Local Model
Deployment.
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RESUMO

A geragdo aumentada por recuperacao (RAG) € cada vez mais adotada em contextos or-
ganizacionais nos quais requisitos rigorosos de governagao de dados limitam a utilizag¢ao
de modelos de linguagem de grande dimensao alojados externamente. Nestes cendrios, 0s
modelos tém frequentemente de ser implementados localmente e de operar sob restri¢des
computacionais e infraestruturais. Embora a investigacdo anterior avalie tipicamente os
sistemas aumentados por recuperagcao em condic¢des de referéncia (benchmark), com con-
sultas cuidadosamente formuladas, muito pouco se conhece acerca da sua robustez per-

ante a variacdo realista das consultas e as restri¢cdes de implementacao.

O presente trabalho investiga de que forma as diferencas estruturadas na formulagao das
consultas influenciam a qualidade da recuperacdo e o comportamento de geragdo subse-
quente em contextos condicionados. As consultas sdo sistematicamente variadas entre
formulacdes especializadas, naturais e ingénuas, com o intuito de examinar de que modo
a estrutura linguistica e o conhecimento do dominio moldam o desempenho do sistema. A
andlise distingue entre a adequagdo da recuperagdo e a utilizagdo da evidéncia, permitindo
assim uma avaliacao focada do modo como a informacao recuperada é selecionada e in-

corporada nas respostas geradas.

Os resultados demonstram que a formulagdo das consultas constitui um fator central de
concecdo. A qualidade da ordenagdo diminui substancialmente das consultas especial-
izadas para as ingénuas em diversas configuracdes, revelando uma acentuada sensibili-
dade a estrutura do input. O refinamento pds-recuperacdo manifesta uma eficdcia condi-
cional, em vez de uma melhoria estdvel. Acresce que niveis elevados de recall na re-
cuperacdo nem sempre se traduzem em respostas corretas e fidedignas. Esta lacuna de
utilizacdo indica que a mera presenca de evidéncia relevante &, por si s, insuficiente para

garantir uma geragao fiavel.

Em sintese, os resultados evidenciam que os sistemas aumentados por recupera¢do im-
plementados sob restrigdes organizacionais sdo estruturalmente sensiveis a formulacao
das consultas. O estudo fornece evidéncia empirica sobre a robustez em condicdes re-
alistas e sublinha a necessidade de quadros de avaliacdo que contemplem as restricdes
de implementacdo e a variagdo no input do utilizador, em vez de cendrios de referéncia

idealizados.

PALAVRAS-CHAVE: Geracdao Aumentada por Recuperacao (RAG); Modelos de Linguagem
de Pequena Dimensao; Robustez da Formulacdo de Consultas; Lacuna na Utiliza¢do da
Evidéncia; Inteligéncia Artificial sob Restricdes de Governagdo; Implementagdo Local de
Modelos.
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1 INTRODUCTION

1.1 Context

Organisations operating in high-stakes, knowledge-intensive domains increasingly face
decisions that require the synthesis of complex domain knowledge to support well-justified
reasoning based on authoritative sources. Decisions often need to be taken under signifi-
cant time and resource constraints, while relevant knowledge is distributed, continuously
updated, and frequently of an internalised experiential nature. This makes it difficult to
access and validate decision-relevant information at the point of use. Errors may lead to
financial loss, regulatory non-compliance, or risks for human health and the environment,

with direct implications for organisational accountability.

Recent advances in [Large Language Models (LLMs)| have created new opportunities

for natural-language-based information access and synthesis, as these models demon-
strate strong generalisation and text understanding capabilities [1]]. However, the non-
transparent behaviour of general-purpose often lacks transparent and verifiable
grounding in identifiable sources and remains prone to hallucinations [2]. Domain-specific
fine-tuning improves reliability but remains computationally and operationally resource-

intensive, limiting its feasibility in many organisational settings.

IRetrieval-Augmented Generation (RAG) has emerged as a promising approach to address

these limitations by conditioning model outputs on retrieved external evidence rather than
relying solely on static parametric knowledge. Empirical studies show that retrieval aug-
mentation improves factual grounding and reduces unsupported generations when rel-
evant evidence is available [3]. Beyond general benchmarks, retrieval-augmented ap-
proaches have also been validated in specialised, high-stakes domains characterised by

technical terminology and strict evidentiary requirements for decision support [4].

Much of the existing literature, however, evaluates [RAG| systems under conditions of
unconstrained deployment and assumes access to large, highly capable language mod-
els [5,6]. As a result, limited insight is available into how retrieval-augmented systems
behave when deployed under organisational constraints shaped by data governance poli-

cies.

1.2  Motivation

In professional practice, the integration of retrieval-augmented systems into decision-
support workflows faces additional constraints. Decision-relevant information is fre-

quently proprietary and non-public internal knowledge, reflecting strategic, or operational
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considerations. Organisational data governance policies therefore often restrict or prohibit
reliance on externally hosted for tasks involving sensitive information, even when

technical security assurances are provided.

Consequently, the advantages of retrieval augmentation can only be leveraged under or-
ganisation-controlled deployment conditions that comply with internal governance re-
quirements. As a result, model selection may be constrained in terms of scale and com-

putational capacity.

These restrictions introduce open design questions. Retrieval-augmented systems are typ-
ically used by domain professionals whose queries naturally vary in specificity and techni-
cality. Recent empirical work demonstrates that such systems exhibit measurable sensitiv-
ity to query-level variation, with even minor reformulations affecting retrieval quality and
downstream generation behaviour [[7]. Such findings indicate that variation in query for-
mulation may propagate through retrieval and generation components, influencing overall

system performance.

Prior work further shows that retrieval-augmented pipelines are inherently configuration-
sensitive and can be adaptively tailored to query characteristics, for instance through
query-aware retrieval strategy selection [§]. These findings highlight that RAG] perfor-

mance depends not only on model capability but also on system-level design choices.

While prior studies analyse robustness under benchmark-style conditions, it remains un-
clear how query-level sensitivity interacts with constrained deployment settings in which
model capacity and computational resources are limited. This lack of clarity is espe-
cially problematic in high-stakes domains, where system usefulness depends less on peak
performance under idealised conditions and more on robust and predictable behaviour
in professional decision-support contexts. Therefore, understanding how retrieval and
generation components interact under realistic deployment constraints and natural query

variation becomes a central practical and research challenge.
1.3 Research Question and Objectives

Motivated by the problem setting outlined above, this thesis investigates the design and
evaluation of RAG]|systems under organisation-controlled deployment constraints and nat-
ural variation in query formulation. The objective is to analyse system behaviour and to
examine how retrieval and generation components can be configured under realistic gov-

ernance and infrastructure limitations. The main research question is:

How can retrieval and generation components of retrieval-augmented sys-

tems be designed and evaluated to remain robust under natural variation in

2
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query formulation and organisation-controlled deployment constraints?

This overarching question is addressed through the following sub-questions:

RQ1 How does systematic variation in query formulation influence retrieval effectiveness

within a locally deployable retrieval-augmented architecture?

RQ2 Under what conditions do post-retrieval refinement strategies improve or degrade

retrieval effectiveness across varying query formulations?

RQ3 How do locally deployed small language models trade off answer correctness, faith-
fulness, and context grounding across query formulations when evaluated against

multiple reference perspectives?

By examining these questions, this thesis analyses how query variation propagates through
retrieval, refinement, and generation components when architectural design is restricted
by governance-driven deployment constraints. This work thereby evaluates design trade-
offs that emerge when retrieval-augmented systems are implemented using locally de-
ployable models and assessed against heterogeneous reference answers. The findings
inform the design of decision-support systems in organisation-controlled, knowledge-

intensive environments and result in the following contributions:
* A modular end-to-end retrieval-augmented architecture based on locally deployable
models, implemented and evaluated under strict deployment constraints.

* A systematic analysis of query formulation effects across retrieval, refinement, and

generation components.

* A multi-perspective evaluation framework incorporating both human-annotated and
model-generated reference answers, demonstrating how answer quality depends on

interpretative scope and evaluation perspective in realistic organisational contexts.

1.4 Methodological Approach

This thesis follows a[Design Science Research (DSR)|paradigm as conceptualised by [9].

is appropriate where the objective is not only to analyse a phenomenon, but to design
and systematically evaluate an artefact in order to derive empirically grounded insights
into design trade-offs under real-world constraints. This work develops and evaluates
a[RAG]| configuration tailored to organisation-controlled deployment environments under

naturally varying query formulations.
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The research process aligns with the core [DSR] activities. First, problem identification
and motivation are derived from the challenge of enabling reliable retrieval-augmented
language model systems in governance-constrained settings, precluding the use of ex-
ternally hosted language models and therefore limiting model scale. In such contexts,
retrieval robustness and downstream answer quality under varying query formulations

remain insufficiently understood.

Second, the objectives for a solution are defined as the design of a locally deployable[RAG]|
configuration that (i) operates under explicit deployment constraints, (ii) allows system-
atic variation of query formulations, and (iii) enables structured evaluation of retrieval
and answer generation performance in order to examine component interactions under

constraint.

Third, in the design and development phase, a modular framework is constructed.
The artefact integrates multiple retrieval strategies, embedding model variants, post-retrieval
configurations, and generation models. Its modular structure enables controlled experi-
mentation across query types and retrieval settings to systematically explore design sen-
sitivities.

Fourth, the artefact is demonstrated through systematic experimentation on a curated
domain-specific document corpus, using expert, natural, and naive query formulations
to examine query-sensitive retrieval behaviour and downstream answer generation under

organisation-controlled deployment conditions.

Fifth, evaluation is conducted quantitatively using established information retrieval met-
rics and structured answer evaluation frameworks. Multiple reference answer sets serve as
the evaluation baseline, including independently produced human annotations by domain-
informed annotators as well as a model-generated reference answer set. No formal inter-
annotator agreement protocol was enforced. Instead, potential variation between refer-
ence perspectives is intentionally retained to reflect realistic organisational decision con-
texts in which well-reasoned interpretations may legitimately differ. Retrieval effective-
ness and downstream answer quality are analysed across reference perspectives to assess

evidence acquisition and evidence utilisation under constrained deployment conditions.

Finally, the thesis itself constitutes the communication of the artefact, empirical find-
ings, and resulting design implications. By structuring this work according to the
logic, the methodological approach clarifies the research process underlying the technical
methodology and positions the work as artefact-oriented, empirically evaluated design re-
search focused on identifying design trade-offs rather than prescribing a single optimal

configuration.
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2 BACKGROUND

2.1 Retrieval-Augmented Decision Pipelines

Organisational decision-making is constrained by limited information-processing capac-
ity and the uneven availability of relevant knowledge at the point of action, commonly
conceptualised as bounded rationality [[10]. The effectiveness of technical support sys-
tems therefore depends not only on reasoning capabilities, but on how relevant informa-
tion is identified and made accessible during decision-making [11]]. This raises a funda-
mental design question for retrieval-augmented systems: how and when should knowl-

edge be made available to the model?

Building on this perspective, a key design consideration in retrieval-augmented deci-
sion pipelines concerns how knowledge is made available to the system during decision-
making. One approach embeds knowledge directly within the model through large-scale
training, resulting in so-called parametric knowledge. In this case, the information avail-
able during reasoning is fixed at training time and can only be updated through additional
training or fine-tuning, both of which are resource-intensive. As a result, knowledge rep-
resentations are inherently static, limiting their suitability in settings where information

must be frequently updated or selectively exposed.

An alternative approach provides non-parametric knowledge explicitly at the time of
decision-making. [RAG] follows this principle by retrieving relevant information from
external sources and providing it to the model during inference. By separating knowledge
storage from reasoning,[RAG]enables dynamic knowledge updates, grounding model out-
puts in up-to-date information without modifying the underlying model parameters [3]].
Moreover, architectures can connect to heterogeneous external data sources, such
as structured databases or internal knowledge management systems, supporting adap-
tation to evolving information needs. From a decision-support perspective, this design
operationalises the intelligence phase by explicitly ensuring that relevant and structured

information is identified and prepared prior to analysis and decision-making.

2.2 Core Retrieval Paradigms

Retrieval-augmented decision pipelines are positioned as an explicit stage within decision
support pipelines, bringing up the necessity to clarify how retrieval systems determine
which information is considered relevant. Over time, different retrieval approaches have
emerged that reflect progressively refined assumptions about how relevance should be

assessed for decision-making purposes.
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Early retrieval systems relied on lexical representations of text, meaning that relevance
was determined by whether the same words appeared in both the query and a document.
A foundational development in this context was the vector space model which repre-
sents documents and queries as weighted collections of terms, estimating relevance based
on how similar these term representations are, typically using cosine similarity [[12}/13].
Building on this idea, probabilistic retrieval models further refined relevance estimation
by modelling how likely a document is to be relevant given the terms it contains, while still
relying on explicit word occurrences [14]. These approaches are commonly referred to as

lexical retrieval methods, as they operate directly on observable terms in the text [15].

More recent methods adopt a semantic representation of text. Instead of modelling docu-
ments through discrete term counts, semantic retrieval encodes queries and documents as
dense vector embeddings that capture contextual meaning. Relevance is then estimated
based on proximity in this continuous representation space, allowing retrieval of concep-
tually related content even when lexical overlap is limited [[16L/17]]. In this sense, semantic
retrieval is often described as dense retrieval, reflecting the use of learned continuous

representations rather than sparse term vectors.

While differing in their underlying assumptions, both lexical and semantic retrieval ap-
proaches serve the same fundamental purpose, to identify and prioritise information that is
relevant for downstream evaluation and decision-making, rather than to perform decision-

making itself.

2.3 Domain-Specific Retrieval for Decision-Making

In domain-specific regulatory environments such as chemical compliance and clinical lab-
oratory governance, essential information is often embedded in dense, formally structured
documents characterised by extensive cross-referencing and context-dependent terminol-
ogy [4]. Identical terms may carry different meanings depending on the institutional con-
text in which they are used, and decisive constraints are frequently expressed implicitly
rather than through explicit keywords. These structural characteristics create substantial
challenges for information retrieval, as relevance cannot be inferred reliably from surface-
level lexical overlap. Similar limitations have been observed in other regulated domains
such as legal and policy texts, where retrieval systems optimised for generic semantic

similarity frequently mis-rank or overlook critical documents [3]].

These characteristics do not require a fundamentally new retrieval paradigm. Rather, they
demand a deliberate adaptation and configuration of established lexical and semantic re-
trieval methods, as introduced in Section [2.2] to the constraints of specialised knowledge

environments. Retrieval must therefore be evaluated and tuned against domain-specific

6
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terminology, document structure, and decision constraints rather than against generic no-

tions of semantic similarity.

Empirical studies indicate that general-purpose retrieval systems, which are designed to
identify information that is broadly relevant across heterogeneous domains, frequently
mis-rank or overlook critical documents in specialised corpora. This limitation is partic-
ularly pronounced when documents share similar structural characteristics or rely heavily

on domain-specific terminology, leading to incomplete or misleading evidence [18].

Consequently, decision-making in high-stakes, knowledge-intensive settings requires con-
text-sensitive relevance criteria. Retrieval should therefore be treated as an explicit, con-
textualised stage in the decision pipeline rather than a neutral preprocessing step. The
documents retrieved define the evidence base for downstream reasoning and thereby di-
rectly influence decision quality. In high-stakes professional domains, errors often occur
not because information is missing, but because the information used is misaligned with

the decision context or insufficiently grounded in domain-specific constraints.

This perspective forms the basis for the design choices discussed in Chapter [5] where
retrieval strategies are systematically aligned with the requirements of decision-making

under constrained deployment conditions.
2.4 Vector Representations and Semantic Similarity

Text embeddings represent linguistic units as vectors in a continuous, high-dimensional
space. During encoding, discrete text inputs such as words, sentences, or text chunks are
transformed into fixed-length numerical representations. This process is referred to as
embedding because the symbolic text is embedded into a vector space in which geometric

relationships capture semantic similarity.

In this embedding space, semantically related texts are located closer together, allowing
relevance between a query and candidate documents to be estimated using similarity mea-
sures such as cosine similarity. To support similarity-based retrieval over a collection of
embedded text representations, vector databases store embeddings in an index that organ-
ises the vector space and enables efficient similarity comparisons, forming the foundation

for semantic retrieval in RAG|systems [15]].

3 CHALLENGES OF APPLYING LARGE LANGUAGE MODELS IN HIGH-STAKES
DOMAINS

The deployment of language-model-based decision-support systems in professional prac-

tice is shaped by interrelated challenges that extend beyond raw model performance,

7
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including requirements for evidence-based grounding, traceability, and operation under
organisational and regulatory constraints. This chapter examines these challenges us-
ing chemical regulatory compliance as the empirical context, highlighting how trust,
governance, and deployment considerations jointly shape the design space of retrieval-

augmented systems in high-stakes decision-support workflows.

3.1 Knowledge Grounding and Trust

In knowledge-intensive, high-stakes domains, the practical usefulness of language-model-
based decision support is closely tied to the extent to which generated outputs can be
grounded in transparent and verifiable evidence. In such settings, language models are
typically employed to support regulatory research by processing and contextualising re-
trieved information, while responsibility for interpretation and final judgement remains
with domain professionals. Consequently, trust in system outputs cannot rely solely on
surface-level plausibility, but requires the ability to assess the relevance, validity, and

provenance of the underlying information [19]].

Large language models may hallucinate, producing statements that appear coherent while
lacking support in authoritative sources. Empirical work shows that conditioning gen-
eration on retrieved evidence reduces such unsupported outputs, highlighting the limita-
tions of purely parametric knowledge [2]. When generated claims cannot be explicitly

attributed to verifiable sources, their reliability becomes difficult to assess.

Beyond correctness, regulated domains impose additional requirements on traceability.
Domain professionals must be able to identify where specific information originates, why
it has been retrieved in response to a given query, and how it constrains or supports a
particular decision [20]]. Information retrieval systems are thus expected to maintain ex-
plicit links between retrieved content and its source, enabling users to cross-check ev-
idence within established regulatory frameworks. Closely related to traceability is the
requirement for explainability in practical use. In this context, explainability does not
refer to insight into model internals, but to the user’s ability to understand why partic-
ular documents or passages were selected and how they relate to the decision question
at hand. Without such contextual transparency, retrieved information risks being treated
as decontextualised output, undermining its usefulness in workflows that rely on curated,

continuously updated knowledge bases.

Taken together, these requirements highlight that effective decision support in high-stakes,
knowledge-intensive domains depends not only on retrieving relevant information, but on
doing so in a manner that is traceable, explainable, and aligned with domain-specific

standards of evidence [21]. These properties are essential for the reliable use of such

8
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systems in professional decision-making contexts. Addressing these challenges therefore
calls for retrieval strategies that prioritise authoritative sources and explicit grounding over
generic relevance, forming a key design consideration for retrieval-augmented decision

pipelines in organisation-controlled deployment settings.

3.2 Regulatory and Organisational Constraints

The chemical sector operates under complex and continuously evolving regulatory frame-

works that govern the manufacture, import, and downstream use of chemical substances.

Compliance with regulations such as [Registration, Evaluation, Authorisation and Restric-|

tion of Chemicals (REACH)|requires the registration and notification of substances, ongo-

ing monitoring of regulatory updates, and the interpretation of detailed legal and technical

guidance [22].

Regulatory compliance therefore depends on specialised expertise, local regulatory knowl-
edge, and sustained interpretative capacity [23]. These capabilities are not uniformly
available within organisations and may delay compliance-related decisions or increase
regulatory risk. Moreover, regulatory knowledge evolves over time as legislation is amend-
ed, guidance is revised, and authoritative interpretations shift. In practice, regulatory pro-
fessionals often enter the field without formal legal training, and decision-making relies
heavily on experiential knowledge rather than systematised legal reasoning [23]]. This
reliance creates organisational vulnerability: critical knowledge may be lost through re-

tirement, turnover, or insufficient off-boarding if it is not systematically documented [24].

These structural and organisational constraints directly affect compliance-related decision-
making and increase the risk of delayed market entry, elevated operational costs, and

error-prone outcomes.

3.3 Data Security and Deployment Constraints

Despite their promising capabilities, organisations remain hesitant to adopt commercial
due to unresolved concerns surrounding organisational data governance constraints
and their implications for secure deployment [8,|19]. In professional decision-support
settings, meaningful queries frequently rely on proprietary or non-public internal knowl-
edge. Uploading such material to a public or third-party hosted even under privacy
agreements, is often viewed as incompatible with internal governance and compliance
policies [8]. As a result, the practical use of externally hosted LLM}based systems in
business-critical workflows remains limited despite their technical potential.

Several surveys and industry studies confirm this hesitation. Recent findings indicate
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that a significant share of enterprises across sectors cite data security concerns as pri-
mary reasons for not adopting generative artificial intelligence tools in business-critical
workflows [25,]26]. These concerns reflect organisational data governance policies rather
than isolated technical risks. While some vendors offer contractual guarantees against
training on user data, these safeguards remain trust-based and may not satisfy internal
governance policies, particularly when their technical implementation is opaque. Rely-
ing on externally hosted models therefore shifts control and accountability away from the

organisation.

These constraints are particularly evident in regulatory decision-making contexts within
the chemical sector. For example, a regulatory specialist preparing a dossier for market
access may need to assess whether substance-specific thresholds or documentation re-
quirements apply using existing registration material as context. Under the REACH regu-
lation, such dossiers contain detailed substance information, toxicological data, and may
include confidential business information subject to protection [27]]. Submitting such ma-
terial to an external service therefore risks exposing trade secrets, toxicological profiles,
or confidential use patterns. Similarly, evaluating whether increased production volumes
would trigger additional regulatory obligations may require combining public regulatory
requirements with internal forecasts or composition data, thereby introducing sensitive

internal information into the analysis.

The decision to integrate [LLMp into such workflows therefore depends not only on model
capability, but on deployment design. Different deployment strategies define distinct trust
boundaries and levels of organisational control. Prior governance frameworks distin-
guish between locally controlled systems, private on-premise infrastructures, enterprise-
managed cloud environments, and third-party hosted services, each implying different
allocations of risk, control, and accountability [28]]. Each option determines where data
is processed and how compliance with governance policies can be enforced. At the core
of these considerations lies the distinction between data controllers and data processors.
Under established data protection regulation, organisations remain responsible as data
controllers even when processing is delegated to external providers acting as data proces-
sors [29]. Limited visibility into data handling practices, storage locations, and jurisdic-
tional exposure complicates auditing and accountability, raising concerns related to data

sovereignty and the handling of proprietary regulatory information.

In sum, the deployment of based systems in regulated professional environments is
constrained not only by technical performance, but by governance and trust. For retrieval-
augmented systems, this implies that benefits demonstrated under unconstrained deploy-

ment conditions cannot be assumed to transfer directly to organisation-controlled set-

10
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tings. Understanding system behaviour under governance-driven deployment restrictions
is therefore essential for decision-support workflows in high-stakes, knowledge-intensive

domains.

4 RELATED WORK

[RAG] formalises the integration of external sources at inference time, conditioning model
outputs on explicitly retrieved information and separating retrieval from parametric gener-
ation [3]. Empirical work in open-domain question answering demonstrates that retrieval-
conditioned generation consistently outperforms purely parametric models and that down-
stream performance scales with the number of retrieved passages [30]. These findings
indicate that improvements in retrieval can partially compensate for limited generator ca-
pacity. Large-scale language model studies further demonstrate additional gains through
parameter scaling, albeit under substantial computational requirements and costs [31].
Survey research conceptualises RAG|as a modular design space in which query construc-
tion, retrieval strategy, ranking behaviour, and generation directly influence system per-

formance [32].

Beyond open-domain benchmarks, retrieval-augmented approaches have increasingly been
applied in specialised, high-stakes domains characterised by complex terminology and
strict evidentiary requirements. Recent work demonstrates the feasibility of retrieval-
conditioned generation for domain-specific decision-support and knowledge access sce-
narios, illustrating the practical viability of RAG]|in knowledge-intensive environments
[4]. While these studies show promising results, they typically rely on large generative
models and unconstrained computational infrastructures, leaving constrained deployment

settings comparatively underexplored.

Within retrieval-augmented pipelines, early ranking quality determines which evidence
becomes available for conditioning downstream generation. Empirical studies show that
improvements at the retrieval stage translate into measurable gains in answer generation
performance [30,32]. These findings suggest a functional coupling between retrieval

adequacy and downstream answer quality.

However, more recent analyses of retrieval-augmented systems under realistic retrieval
conditions indicate that the assumed coupling between retrieval adequacy and answer
quality is neither uniform nor guaranteed. Controlled benchmark evaluations may overes-
timate the extent to which generative models fully exploit retrieved evidence. Studies in-
troducing real-world context distributions and dedicated utilisation metrics show that the
presence of relevant passages does not necessarily result in faithful or evidence-grounded

answer generation [33]. These findings suggest that retrieval adequacy and effective ev-

11
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idence utilisation constitute distinct components of system performance. Moreover, be-
cause only a limited number of retrieved passages are selected for conditioning, early
ranking behaviour determines which evidence becomes available to the generator, making
evidence selection and evidence utilisation interacting but analytically separable factors

within retrieval-augmented pipelines.

To improve the reliability of evidence selection prior to generation, various post-retrieval
refinement paradigms have been proposed. These approaches aim to enhance early preci-
sion by reordering or filtering candidate passages before they are passed to the generative
model. Representative methods include pointwise re-ranking [34], pairwise optimisa-
tion [35]], and listwise or setwise approaches [36,37]. While such techniques can sub-
stantially enhance ranking quality, many rely on supervised training or computationally

intensive cross-encoder architectures.

More recent work explores language-model-based re-ranking and step-wise refinement
as modular components that can operate without retraining the underlying retriever [38]].
However, these approaches often depend on expressive neural models at inference time,
increasing computational overhead and limiting applicability under strictly constrained,

organisation-controlled deployment settings.

A longstanding insight in information retrieval is that retrieval effectiveness strongly de-
pends on query formulation, as users often struggle to precisely express their underly-
ing information needs [39]. Building on this foundation, recent empirical work shows
that systems exhibit measurable sensitivity to query-level variation [7], where even
minor reformulations can lead to substantial differences in retrieval and generation out-

comes.

To address this issue, query rewriting and multi-query strategies have been proposed [40]].

Task-aligned [Small Language Models (SLMs)| can serve as dedicated query rewriters to

improve retrieval recall and downstream answer quality, particularly for underspecified or
heterogeneous queries. More recent studies investigate query-aware adaptation strategies,
including retrieval strategy selection conditioned on query characteristics [8]], highlighting

the configuration sensitivity of retrieval-augmented pipelines.

However, while adaptive retrieval strategies and query reformulation have been stud-
ied under benchmark-style conditions, these analyses typically assume access to large
generative models and unconstrained infrastructure. Deployment constraints and model-
size limitations are rarely treated as primary design variables. Consequently, the com-
bined effects of query variation, retrieval configuration, and generation behaviour under

organisation-controlled deployment conditions remain insufficiently understood.

12
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Parallel research investigates as efficient alternatives to large-scale models. A
recent survey synthesises training, optimisation, and deployment strategies for
and emphasises their suitability for computationally constrained, privacy-sensitive, and
organisation-controlled environments [41]]. While SLM]research focuses primarily on ef-
ficiency—performance trade-offs and model-level capabilities, fewer studies analyse how
retrieval strategies, ranking behaviour, and answer generation interact when both compo-

nents operate under explicit model-size constraints.

Taken together, prior work demonstrates that retrieval augmentation improves ground-
ing and downstream performance [3,30], that ranking refinement enhances early pre-
cision [34-36], and that query adaptation can reduce sensitivity to formulation differ-
ences [7,40]. Most existing studies evaluate these components under unconstrained de-
ployment conditions and rely on large generative models [31,32]. This thesis evaluates
retrieval strategies, post-retrieval refinement, and generation model selection under sys-
tematic query variation within a retrieval-augmented architecture constrained to in

organisation-controlled deployment environments.

5 METHODOLOGY

This chapter describes the methodological approach adopted in this thesis for implement-
ing and evaluating a[RAG]|system for domain-specific information retrieval. An overview
of the system architecture is shown in Figure [l The system is structured as a modu-
lar, sequential processing pipeline comprising document extraction, text segmentation,
embedding and indexing, retrieval with optional post-retrieval refinement, and answer
generation. Each stage fulfils a distinct functional role within the pipeline and can be

analysed and optimised independently.

The chapter first motivates the choice of this retrieval-augmented approach, followed by
a detailed description of the retrieval architecture, retrieval strategies, post-retrieval re-
finement, and answer generation. Finally, an evaluation design is introduced to assess the

performance of the proposed system.
5.1 System Design and Model Selection
5.1.1 System Design Rationale

The methodological design of this thesis is guided by the requirements of decision-making
in high-stakes, knowledge-intensive domains. In such settings, decision quality depends
on reliable, verifiable information, and system outputs must remain traceable and explain-

able to ensure accountability. Decision-making in specialised professional environments

13
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is therefore information-constrained, as relevant knowledge must be explicitly identified,
structured, and prepared prior to analysis rather than implicitly assumed to reside within

a model.

While domain adaptation can be achieved through fine-tuning, this approach entails sub-
stantial training costs and produces static knowledge representations, making it unsuit-
able under the organisation-controlled deployment constraints considered in this thesis. A
[RAG]architecture is therefore adopted, as it enables grounding in explicitly retrieved inter-
nal and external sources without embedding proprietary or non-public internal knowledge

in model parameters.

This design fundamentally redefines the role of language models within the system. Rather
than acting as repositories of domain knowledge, models operate exclusively over evi-
dence retrieved at inference time. Their function becomes narrowly task-aligned within
a modular decision pipeline, reducing the need for large parametric capacity and broad

domain memorisation while supporting traceability and governance requirements.

This redefinition of the model’s function enables a departure from monolithic, large-scale
language models towards smaller, task-aligned models. In retrieval and ranking stages,
models are primarily required to assess relevance and compare candidate text segments,
tasks that depend on contextual understanding and classification rather than open-ended
generation or extensive domain fluency. Similarly, when generation is grounded in re-
trieved context, the model’s role is limited to interpreting provided information and pro-
ducing a coherent response without extrapolating beyond the available evidence. Un-
der these restricted functional requirements, very large parametric capacity becomes less
critical, while models with several billion parameters entail substantially higher mem-
ory and computational demands even when quantisation techniques are applied.
are therefore employed as a deliberate methodological choice: their reduced computa-
tional footprint and predictable runtime behaviour make them well suited for local and
organisation-controlled deployment, allowing individual components to be aligned with

task requirements while supporting traceability and governance constraints.

This design rationale directly relates to the central research question of this thesis, which
examines whether retrieval-augmented decision-support pipelines composed of smaller,
task-aligned language models can provide reliable and trustworthy support in governed

professional settings without relying on large, centrally hosted language models.
5.1.2 Model Selection Rationale

The proposed pipeline employs instruction-tuned consistent with the retrieval-

augmented design in which models operate over explicitly retrieved evidence rather than

14
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FIGURE 1: Overview of the retrieval-augmented generation (RAG) pipeline implemented
in this work, illustrating the modular sequence from document ingestion to answer gener-
ation.

internalised domain knowledge. Model requirements therefore prioritise reliable context

interpretation, instruction following, and controlled answer synthesis.

For post-retrieval refinement, the LLaMA 3.2 3B Instruct model with 3 billion parameters
is used as a relevance assessor and re-ranking component. In this role, the model evaluates
and compares candidate text segments with respect to a query, closely aligning with neural
re-ranking formulations in information retrieval [42]. Such tasks depend primarily on
contextual discrimination and comparative reasoning rather than open-ended generation,
making a compact 3B instruction-tuned model sufficient under constrained deployment

conditions.

For answer generation, the LLaMA 3.2 3B Instruct and Phi-3-Mini models are evaluated.
Within the setting, generation is grounded exclusively in retrieved context, limiting the
model’s function to interpreting provided evidence and producing coherent, instruction-
compliant responses. Both models belong to the 3—4 billion parameter class and demon-
strate strong general reasoning performance on benchmarks such as MMLU [43]. Se-
lecting models of comparable scale but from different model families enables analysis of
architecture- and training-specific behaviour without confounding results with parameter

size differences.
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5.2 Retrieval Architecture

The retrieval architecture (see Figure [I) defines how documents are transformed into
machine-processable representations and how relevant text chunks are selected from the
knowledge base. This includes document extraction, text segmentation (chunking), em-

bedding and indexing, and the retrieval step with optional post-retrieval refinement.

The knowledge base consists of 24 official and publicly available guidance documents

published by the [European Chemicals Agency (ECHA)|[44]. These documents contain

specialised regulatory terminology and provide a controlled corpus for evaluating domain-
specific retrieval behaviour. Although publicly available, they are typically consulted in
contexts involving proprietary or non-public internal information, making them suitable
for studying retrieval under governance-driven deployment constraints. All documents
are provided in Portable Document Format (PDF) and require preprocessing prior to in-

dexing.

PDF extraction is performed using the Python library PdfPlumber, followed by text nor-
malisation and serialisation into a structured corpus. The extracted text is segmented
using a fixed-length, token-based chunking strategy, with each chunk consisting of 512
tokens and a 12.5% token-level overlap between adjacent segments. This configuration
ensures compatibility with downstream model input limits while reducing the risk of con-
text fragmentation across chunk boundaries. Token-level segmentation is employed be-
cause tokenisation is model-dependent and does not necessarily align with word-level

boundaries.

Text chunks are embedded into a continuous semantic space and stored in a Chromaﬂ
vector database. Chroma is selected for its ease of integration and sufficient performance
given the corpus size. For substantially larger knowledge bases, a FAISS-based backend

would represent a more scalable alternative.

During retrieval, a fixed number of candidate text chunks is selected in response to a user
query. The query is encoded using the same embedding model as the corpus and pro-
jected into the shared representation space, enabling similarity-based retrieval. Retrieval
effectiveness is influenced by design choices such as chunking strategy, embedding model
selection, and vector database configuration, all of which must operate within hardware

and deployment constraints.

'https://www.trychroma.com
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5.3 Retrieval Strategies

The retrieval step selects a fixed number of candidate text chunks (Top-£) from the knowl-
edge base in response to a user query. The retrieval strategy determines how relevance is
operationalised. As introduced in Section[2.2] this work considers two paradigms: lexical
and semantic retrieval. Lexical retrieval estimates relevance based on observable term
overlap between query and document text, whereas semantic retrieval relies on similarity
in a continuous vector space derived from dense embeddings. In contrast to supervised
dense passage retrieval approaches, embedding-based retrieval in this work relies exclu-
sively on pre-trained models without task-specific fine-tuning, reflecting local deployment

and resource constraints.

To evaluate both paradigms, multiple retrieval strategies are implemented. Lexical re-

trieval is realised using[Term Frequency—Inverse Document Frequency (TF-IDF)|and [Best|

atching BM while semantic retrieval is implemented via cosine similarity over

embedding representations. In addition, a hybrid strategy combines lexical and semantic

scores through weighted aggregation.

The effectiveness of semantic retrieval is further examined by evaluating different embed-
ding models. Both segmented text chunks and queries are encoded into a shared repre-
sentation space, enabling similarity-based relevance estimation. To assess the trade-off
between retrieval effectiveness and computational efficiency in the chemical regulatory
domain, three models from the BGE vi.5 family are employed: BGE-small-en-v1 ﬂ
BGE-base-en-vi .‘ﬂ and BGE-large-en-vi .ﬂ These models vary in parameter size and
embedding dimensionality, enabling controlled analysis of scale effects under deployment

constraints.

To combine lexical and semantic retrieval, a hybrid strategy is applied in which a weight-
ing factor « controls the relative contribution of each component. The[BM25}based score
is weighted by «, while the embedding-based score is weighted by (1 — «). In this work,
a = 0.5 assigns equal weight to both components. Although « can be treated as a tun-
able hyperparameter and adjusted through sensitivity analysis, it is held constant in order
to enable controlled comparison of architectural configurations. Since the dense compo-
nent relies on vector representations, hybrid performance is influenced by the selected

embedding model.

https://huggingface.co/BAAI/bge-small-en
Shttps://huggingface.co/BAAI/bge-base-en
4https://huggingface.co/BAAI/bge-large—en

17


https://huggingface.co/BAAI/bge-small-en
https://huggingface.co/BAAI/bge-base-en
https://huggingface.co/BAAI/bge-large-en

ANTONIA S. GEMMERICH QUERY-SENSITIVE RAG UNDER ORGANISATIONAL CONSTRAINTS

5.4 Post-Retrieval Refinement

Neural re-ranking models represent a prominent approach to refining retrieved candidate
lists, however, their computational overhead makes them impractical in the targeted lo-
cal deployment setting. Instead, this work employs a resource-efficient post-retrieval re-
finement strategy inspired by prior work on [LLM}based post-retrieval refinement [3§],
reflecting the trade-offs imposed by hardware and deployment constraints. As illustrated
in Figure [I] three post-retrieval variants are considered: Baseline, where retrieved candi-
dates are passed directly to the generator; Re-Ranking only (ReRa), where candidates are
reordered by estimated relevance; and Pre-Filtering and Re-Ranking (PreReRa), where

candidates are first filtered by query relevance and subsequently re-ranked.

All post-retrieval steps are implemented using as independent, sequential pro-
cessing agents. Although these components follow an agent-style execution, the overall
system does not constitute an agentic or multi-agent architecture. Agents are invoked
within a fixed pipeline, operate statelessly, and perform no inter-agent communication,
self-reflection, or validation. The modular design of the proposed pipeline nevertheless
allows agent-based components to be integrated or replaced in future extensions with-
out altering the underlying structure. This work deliberately evaluates a non-autonomous
configuration to isolate the effects of retrieval, post-retrieval refinement, and generation
under controlled conditions. Both pre-filtering and re-ranking are performed using the
LLaMA 3.2 3B Instruct model and executed as described in Section

Although may also exhibit unreliable behaviour in open-ended knowledge gener-
ation settings, the post-retrieval refinement stage constrains the model to structured rel-
evance assessment over explicitly provided query and candidate text chunks. The em-
ployed zero-shot prompts define this task precisely and restrict the model to producing
bounded relevance scores rather than generating new domain content. Nevertheless, rel-
evance estimation remains probabilistic, such that the use of an based refinement
mechanism represents a deliberate trade-off between computational feasibility and deci-

sion reliability.

In the pre-filtering stage, the relevancy of each candidate text chunk with regards to the
query is evaluated independently and assigned as a relevance score by a [SLM}based
agent. The zero-shot prompt shown on the top left side in Figure [2|is employed to guide
relevance assessment and encourage explicit reasoning prior to score generation. For a
given query and text chunk, the agent produces a relevance score between 0 and 1. This
score is converted into a binary relevance decision using a fixed threshold 7, such that

only candidate text chunks deemed relevant are forwarded to the subsequent re-ranking
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stage. Pre-filtering is performed in an unsupervised manner using a fixed threshold of
7 = 0.3, following prior findings that report stable filtering behaviour across diverse re-
trieval tasks [38]]. This setting reflects realistic deployment conditions in which no human-
annotated relevance judgements are available, and the threshold therefore cannot be tuned

or validated on labelled data.

The re-ranking stage refines the ordering of candidate text chunks based on their estimated
relevance to the query and is applied to the output of the initial retrieval step or the pre-
filtered candidate set. The re-ranking task is performed by a[SLM]acting as a task-aligned,
independent, and stateless processing agent, as available open-source re-ranker models
are typically not fine-tuned for the domain-specific regulatory context. The zero-shot
prompt employed is shown on the right side in Figure 2] Due to input length limitations
of the employed language model, re-ranking is not performed over the entire candidate
set. Instead, a group-wise, multi-round re-ranking procedure is applied to approximate a

global relevance ordering under constrained context capacity.

The candidate list is randomly shuffled for the group assignment to mitigate position and
context effects. For every text chunk, the resulting relevance score is incorporated into
a running mean relevance estimate to obtain an increasingly stable score. After all re-
ranking rounds have been completed, the candidate text chunks are sorted according to
their final mean relevance score in descending order. The Top-£ text chunks are selected
and forwarded to the downstream generation stage. For example, given 25 candidate text
chunks, a group size of 5, and two rounds of evaluation, the candidate list is randomly
shuffled twice and divided into five groups per round. As a result, each chunk is evaluated
twice in total, once in each round, resulting in 10 model calls. The re-ranking proce-
dure is executed once per query and does not involve adaptive cut-offs, uncertainty-based
document selection, or iterative self-correction beyond the predefined number of rounds.
While the approach is inspired by more elaborate multi-stage ranking strategies discussed
in Section [4] it represents a deliberate design trade-off that balances robustness of rele-

vance estimation with computational efficiency under constrained hardware conditions.

5.5 Answer Generation

Answer generation constitutes the final stage of the RAG] pipeline (see Figure [I). This
stage operates exclusively on evidence retrieved through the preceding retrieval and op-
tional post-retrieval refinement steps. Consistent with the system design rationale, the
role of the generation component is not to discover or infer new domain knowledge, but

to transform retrieved evidence into a coherent and comprehensible response.

The system follows a single-call generation design. For each query, the top-k retrieved
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SLM Pre-Filtering Prompt

You are an information retrieval relevance assessor.

You will receive a user query and multiple passages. For each
passage, output a relevance score between 0 and 1inclusive

SLM Re-Ranking Prompt

You are a re-ranking assistant.

Evaluate the relevance of each document to the query and
relative to the other documents.

according to the query.
'ng query Use the full scoring scale:

1 = irrelevant, 2 = marginally relevant, 3 = somewhat relevant,

Return only a valid JSON format in the form: 4 = televant, 5 = highly relevant

{"scores": [sy, S2, ..., Snl} f
Instructions:

« Compare documents against each other and according to the
query.

« If one document is clearly more relevant than others, it must
receive a higher score.

+ Do not assign the same score to all documents unless they
are truly equally relevant.

« Scores must be integers in {0, 1, 2, 3, 4, 5}.

Do not add any extra text. Only the format.
Query: <query>

Passages: <passages>

Return only the Python dictionary exactly in this format and with

SLM Answer Generation Prompt exactly n scores:

Follow these instructions carefully: {"scores": [sy, S2, ..., Sn]}

1. Answer the question only using the provided context. Query: <query>

2. Keep the answer concise an‘d factual. Documents (total = N): <file_name>

3. If the answer is not present in the context, say: L J
"l do not know."

4. Do not use any outside or parametric knowledge.

5. Do not guess or infer beyond what is explicitly stated.

Context: <context>

Question: <query>

Answer:

FIGURE 2: Zero-shot prompts used for post-retrieval refinement and answer generation.
The top-left prompt implements small language model (SLM)-based pre-filtering, the
right prompt performs re-ranking of retrieved text chunks, and the bottom-left prompt
handles answer generation by providing the query and retrieved context, explicitly re-
stricting the response to the supplied evidence.

candidate text chunks are provided jointly as contextual input to the generation model,
which produces exactly one response. Generation is executed under the experimental
conditions described in Section [6.1]

Explicitly grounding generation in retrieved context fundamentally changes the demands
placed on the generation model compared to general-purpose conversational systems,
which are typically designed to operate without explicit evidence and therefore rely on
large-scale internalised knowledge. As outlined in the system design rationale (Sec-
tion [5.1.1), the generation model in the proposed pipeline is not required to memorise
extensive domain knowledge or support broad task generality. Instead, it must accurately
interpret the provided context and produce responses that remain faithful to the retrieved

evidence.

Based on these requirements, answer generation in this work is implemented using small,
instruction-tuned, task-aligned language models. These models are selected from a com-
parable parameter range and are capable of performing context-conditioned answer syn-

thesis, summarisation, and structured prompt following. They are chosen due to their
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competitive performance at their respective scale while remaining compatible with ag-
gressive quantisation, enabling efficient local inference under constrained deployment

settings.

Importantly, the methodological design does not assume that a single language model
is optimal for retrieval-augmented answer generation. Instead, multiple representative
models are employed and compared to assess whether observed generation behaviour is
consistent across models or influenced by model-specific characteristics. The concrete
model choices and the comparative evaluation protocol are therefore introduced as part of

the evaluation design (Section [5.6)).

To ensure evidence-grounded answer generation across all models, a fixed instruction-
style prompt is used for the generation step. The prompt explicitly constrains the model to
rely solely on the retrieved context, prohibits the use of parametric or external knowledge,
and enforces concise and factual responses. This design directly supports traceability
and reduces the risk of hallucinated content, which is particularly critical in regulated
decision-support settings. By keeping the prompt (see bottom left Figure [2) identical
across all generation models, differences observed during evaluation can be attributed to

model behaviour rather than prompt variation.

5.6 Evaluation Design

The evaluation design reflects the modular structure of the proposed retrieval-augmented
pipeline (Figure[I]) and is aligned with the research questions introduced in Section|[I.3] It
assesses retrieval and answer generation both as separable components and as interacting
stages within a governance-constrained, locally deployable system composed of small

language models.

Across all evaluation stages, system behaviour is examined under three query types that
reflect variation in query formulation rather than a fixed property of the user. While
limited domain knowledge may naturally lead to more descriptive, naive formulations, a
domain professional may equally produce any of the three types, as query specificity is
shaped by factors beyond expertise alone, including cognitive load, time pressure, and
the degree to which the information need has been conceptualised [39,45]: expert-level
queries using domain-specific terminology and, where necessary, explicitly specifying
regulatory thresholds; naturally phrased queries reflecting informed but non-technical lan-
guage; and broadly phrased naive queries formulated in descriptive, non-technical terms.
This controlled variation allows the evaluation to assess the robustness of both retrieval

and generation components while targeting identical underlying regulatory questions.

The first part of the evaluation focuses on retrieval effectiveness under these varying query
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formulations. By analysing lexical, semantic, and hybrid retrieval strategies, including
optional post-retrieval refinement, independently of answer generation, this stage isolates
how retrieval behaviour changes with query specificity and linguistic variation under con-

strained deployment conditions.

The second part evaluates answer generation performance while holding the retrieval con-
figuration constant. By comparing instruction-tuned of comparable scale within a
fixed infrastructure and prompting configuration, this stage isolates model-dependent ef-

fects on answer quality, grounding, and faithfulness.

5.6.1 Retrieval Performance

To evaluate retrieval performance, three annotators independently answered a set of twenty
regulatory questions and identified the authoritative source passages required to support
each answer. These annotations were consolidated into a relevance file, which serves
as ground truth for retrieval evaluation. Importantly, the annotated answers are invari-
ant across different query formulations, ensuring that retrieval performance is assessed

independently of linguistic variation in the phrasing of the questions.

Retrieval quality is measured using the BEIR framework [46], which provides a standard-
ised evaluation protocol for zero-shot information retrieval. BEIR evaluates how effec-

tively a retrieval method ranks relevant text chunks given a set of natural-language queries

and computes established information retrieval metrics. Concretely, [Normalized Dis-|
icounted Cumulative Gain at rank k£ (nDCG @k)}, Recall @k, and [Mean Reciprocal Rank a]
frank k& (MRR@k) are evaluated. measures the effectiveness of ranking relevant
text chunks near the top of the retrieved list, while Recall@k captures the proportion of
relevant documents retrieved within the top-k results. emphasises how highly
the first relevant document is ranked. Together, these metrics provide a comprehensive

view of retrieval effectiveness in terms of ranking quality, coverage, and early precision.

All retrieval configurations are evaluated using a fixed candidate set size to ensure com-
parability across retrieval strategies. If fewer candidates are available at an intermediate
stage, the set is completed with additional retrieved candidates before evaluation as ex-
plained in Section

To examine retrieval robustness under varying user formulations, each annotated question
was formulated in the three query variants introduced above (expert, natural, and naive).
While the phrasing differs, all variants target identical underlying regulatory answers,
ensuring that retrieval performance reflects sensitivity to linguistic variation rather than

differences in ground-truth relevance.
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5.6.2 Answer Generation Performance

Answer generation is evaluated in a second analysis stage with the primary objective to
assess model dependence of answer generation, while enabling a complementary assess-
ment of retrieval quality from an answer-centric perspective. To isolate model-dependent
effects, answer generation is performed using different under identical retrieval

configurations.

Because correct regulatory answers may be expressed using diverse phrasings and lev-
els of detail, surface-level lexical metrics are not suitable indicators of answer quality in
this setting. Generated answers may be semantically correct and well grounded in re-
trieved evidence while exhibiting low lexical overlap with a reference answer, leading

to a falsely negative bias. To address this limitation, the evaluation adopts an

as-a-judge paradigm using the [Retrieval-Augmented Generation Assessment (RAGAS)|

framework [47]]. The framework employs the external GPT-40-mini model, accessed via
the OpenAl API, to assess answer quality and contextual grounding by jointly consider-
ing the user query, the retrieved context chunks, the generated answer, and a reference

answer.

To account for variation in plausible regulatory answer formulations and scopes, four al-
ternative reference answer sets are used. Three reference sets are produced independently
by human annotators (A1-A3), and a fourth is generated using the GP7-5.2 model. These
reference answers serve as alternative instantiations of the ground truth for the same un-
derlying question. All evaluation metrics that require a reference answer are computed
separately for each reference set and for each query variant (expert, natural, and naive),
allowing sensitivity to annotator perspective and query formulation to be assessed explic-
itly. As this evaluation step is performed independently of the [RAG] pipeline, it is not
subject to the system’s data-privacy and hardware constraints, enabling the use of a larger

and more expressive model better suited to nuanced semantic evaluation.

Answer quality is primarily evaluated using the dimensions of answer correctness and
faithfulness. Answer correctness measures semantic agreement between the generated
answer and a given reference answer and therefore depends on the combination of query,
generated answer, and reference answer. Faithfulness assesses whether the generated
answer is strictly grounded in the retrieved context without introducing unsupported in-
formation and depends on the query, the generated answer, and the retrieved context, but
not on the reference answer. In addition, context precision and context recall are reported
as complementary diagnostics of retrieval adequacy from an answer-centric perspective.

Context precision measures the proportion of retrieved content that is relevant to the ref-
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erence answer, whereas context recall measures the extent to which the retrieved context
covers the information required by the reference answer. Consequently, both depend on
the retrieved context and the respective reference answer and are computed separately for

each reference set and query variant.

In cases of uncertainty, the generation model is instructed to refrain from producing re-
sponses in the absence of sufficient evidence and to explicitly indicate uncertainty (e.g., 'l
do not know’). Accordingly, answer correctness scores are computed exclusively for sub-
stantive answers to avoid penalising abstention behaviour that promotes answer faithful-
ness. The proportion of non-abstained responses is reported as the retention rate, defined
as the share of queries for which the model produces a substantive answer. Retention rate
therefore depends solely on the generated output behaviour of the respective generation
model under the given retrieval configuration and is independent of the chosen reference

answer set.

Answers are generated using the top £ = 3 retrieved candidate text chunks, selected
based on ranking quality and early relevance assessment metrics under fixed retrieval

configuration.
6 RESULTS

6.1 Experimental Setup

All experiments were conducted under organisation-controlled deployment constraints on
a single local workstation in a CPU-based environment without access to dedicated GPU
acceleration. No distributed or multi-machine execution was employed. This configu-
ration reflects the assumed infrastructure limitations throughout this thesis, where pro-
prietary or non-public internal knowledge precludes the use of externally hosted models.
A fixed random seed and a temperature of 0.0 were applied across all language models
to ensure deterministic execution, and retrieval parameters were held constant across all

configurations.

Model inference was performed locally using the /lama.cpp framework with a uniform
4-bit quantisation scheme applied across all models, ensuring consistent experimental

conditions across retrieval, post-retrieval refinement, and answer generation stages.

For post-retrieval refinement, both pre-filtering and re-ranking were performed using the
LLaMA 3.2 3B Instruct model. The model was applied to evaluate and rank candidate text
chunks produced by the retrieval stage.

For answer generation, instruction-tuned in the 3-4 billion parameter range were
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FIGURE 3: Lexical retrieval performs best for expert queries, while hybrid retrieval dom-
inates for natural and naive formulations in terms of and Semantic
retrieval increasingly outperforms lexical strategies for naive queries. Both metrics de-
cline from expert to naive queries, indicating that retrieval effectiveness systematically
varies with query formulation.

employed. The evaluation includes LLaMA 3.2 3B Instruct and Phi-3-Mini. Retrieval
configuration, prompt templates, and context window settings were held constant across
models to ensure that observed performance differences can be attributed to generation

behaviour rather than infrastructural variability.

6.2 Retrieval Performance under Query Variation

The sub-question RQ1 addresses the central research question by assessing how sys-
tematic variation in query formulation influences retrieval effectiveness within a locally
deployable retrieval-augmented architecture. For evaluation, different retrieval strategies,
including TF-IDF, BM25, semantic retrieval, and a hybrid retrieval, with the latter two

based on the BGE-small-en-v1.5 embedding model were examined.

Figure [3| reports hDCG @k| and [MRR @] for values of k ranging from 1 to 25 across ex-

pert, natural, and naive query formulations, capturing ranking quality and early relevance

across retrieval strategies. For expert-level queries (first column), semantic and hybrid
retrieval strategies attain the highest nDCG@ I, while hybrid retrieval yields the highest
nDCG @25 among the evaluated methods. For intermediate cut-offs (3 < £ < 25), lexical
retrieval using BM25 records the highest scores. With respect to hybrid retrieval
produces the highest scores across k. In contrast, for natural and naive query formulations
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FIGURE 4: Embedding model size does not produce uniform scaling effects across query
formulations. While BGE-large performs best for natural queries at small cut-offs, BGE-
small achieves higher effectiveness for expert and naive queries.

(second and third columns), the hybrid retrieval strategy yields the strongest performance
across the examined range of £ for both metrics. As query formulations become less spe-
cific, a systematic shift in the relative ordering of retrieval strategies emerges and becomes
increasingly pronounced. For natural queries, BM25 remains the second-best performing
strategy for small values of k in terms of However, semantic retrieval in-
creasingly outperforms lexical approaches at higher values of % in terms of
A similar pattern is observed for where semantic retrieval slightly outperforms
BM?25 at small k, with the performance gap widening as k increases. This semantic shift
1s most evident for naive queries, where both hybrid and semantic retrieval substantially

outperform lexical strategies across both metrics.

Across all retrieval configurations, both [pDCG @k and [MRR @¥k] exhibit a monotonic de-

cline from expert-level to naive query formulations, reflecting the increasing difficulty of

retrieving relevant information as queries become more descriptive and less technically

precise.

To further examine whether embedding model choice, particularly model size, is sensi-
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tive to varying query formulations, retrieval performance was evaluated for semantic and
hybrid strategies using three models from the BGE family: BGE-small-en-v1.5, BGE-
base-en-v1.5, and BGE-large-en-v1.5. Figure @ reports nDCG @k|and [MRR @k for values
of k£ ranging from 1 to 25 across expert, natural, and naive query formulations, capturing

ranking quality and early relevance across retrieval strategies (MRR@kj.

The results show that for expert-level queries, the smallest embedding model (BGE-small)

achieves the highest performance for both metrics, with a substantial margin over the
larger models. The same pattern is observed for naive query formulations. While the
smallest embedding model attains the same value as the medium large model (BGE-base)
at k = 1, it consistently outperforms both embedding models at higher values of k across
both metrics. The identity of the second-best embedding model varies across query for-
mulations, with the largest embedding model (BGE-large) ranking second for expert-level
queries, while the BGE-base model ranks second for naive queries. In contrast, this pat-
tern shifts for naturally phrased queries. In this setting, the BGE-large model achieves
the highest effectiveness across both metrics for 1 < £ < 10, outperforming the smaller
models. For larger cut-offs (k > 10), the BGE-small model exceeds the BGE-large model

in terms of nDCG @k| while exhibiting comparable performance with respect to

A similar embedding model size—dependent pattern is observed for hybrid retrieval con-
figurations, although the magnitude of the performance differences varies across retrieval
strategies. In sum, within the locally deployable, domain-specific retrieval setting ex-
amined in this thesis, the effect of embedding model size depends strongly on query

formulation rather than following a uniform scaling trend.

6.3 Effects of Post-Retrieval Refinement

Post-retrieval refinement is employed to examine its impact on early ranking quality for
retrieval configurations that exhibit the strongest recall under fixed candidate budgets.
RQ2 addresses the central research question by assessing whether this approach improves
or degrades retrieval effectiveness across varying query formulations. The approach re-
fines an initially retrieved candidate set by re-ranking candidate relevance and, optionally,
by pre-filtering irrelevant candidate chunks prior to re-ranking based on a[SLM}as-a-judge

paradigm.

Table[[I]presents a comprehensive comparison of Recall @25 across all evaluated retrieval
methods and embedding model sizes, demonstrating substantial variation across query
types. For expert queries, hybrid retrieval using BGE-small achieves the highest recall
at 75.7%. In contrast, for natural and naive formulations, semantic retrieval with BGE-

small performs best, reaching 54.8% and 42.3%, respectively. These configurations are
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FIGURE 5: Comparison of baseline retrieval, re-ranking (ReRa), and pre-filtering fol-
lowed by re-ranking (PreReRa) demonstrates the query-dependent and conditional ef-
fectiveness of post-retrieval refinement. Refinement improves early ranking quality for
natural queries at small cut-offs, while substantially degrading performance for expert
and naive queries.

therefore selected as the basis for subsequent post-retrieval refinement.

The impact of post-retrieval refinement on ranking quality and early retrieval performance
is illustrated in Figure[5) comparing baseline retrieval, re-ranking (ReRa), and pre-filtering
followed by re-ranking (PreReRa). Since pre-filtering may shorten the candidate list prior
to re-ranking, the list is replenished with the next highest-ranked candidates from the ini-
tial retrieval to ensure comparability. To capture the full effect of PreReRa, only cut-off
values below the minimum threshold of £ = 5 across query sets are considered. For
expert queries, neither re-ranking nor the combination of pre-filtering and re-ranking im-
proves upon the baseline configuration, with re-ranking alone consistently performing
worst across k. In contrast, for natural queries, post-retrieval refinement applied to se-
mantic retrieval leads to clear improvements in ranking quality. At small cut-off values,
the PreReRa configuration surpasses both the previously stronger hybrid baseline and its
unrefined counterpart. This effect is consistently reflected in improved early relevance as-
sessment (nDCG@k), indicating more accurate early placement of relevant documents.
For naive queries, however, neither refinement strategy yields improvements over the

baseline for either metric.

Collectively, these results demonstrate that the effectiveness of post-retrieval refinement

is highly dependent on query formulation. While expert and naive queries show lim-
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TABLE I: Evaluation of answer generation and retrieval adequacy under fixed retrieval
configurations, illustrating the influence of query formulation, model choice, and refer-
ence perspective.

(a) Answer correctness (%) (per reference set) and faithfulness (%) across query formulations
and models reveal a systematic decline in semantic alignment from expert to naive queries and
a generally stronger performance of Phi-3-Mini. Faithfulness exhibits heightened sensitivity to
query formulation, particularly for Phi-3-Mini. For each row, the overall maximum across all cells
is highlighted in bold, and within each model, the higher of the two values is underlined.

Answer Correctness Faithfulness
Query Retrieval
Al A2 A3 GPT 5.2
Type Method
LLaMA Phi A LLaMA Phi A LLaMA Phi A LLaMA Phi A LLaMA Phi A
Expert BM25 60.6 64539 533 55.11.8 57.2 56.1-1.1 46.0 52.4 6.4 70.5 87.817.3
Hybrid
Natural 51.7 52508 43.3 51.68.3 49.3 54.4 5.1 36.8 47.510.7 55.7 81.325.6
(BGE-large)
Naive Hybrid 497 49912 443 50764 47.7 53558 364 439 7.5 47.6 61.413.8
(BGE-small) —

(b) Context precision (%), context recall (%) are computed across reference perspectives, and re-
tention rates (%) across models, all calculated across query formulations. While retrieval adequacy
remains substantial, particularly for expert queries, both precision and recall decline with decreas-
ing query specificity. Per row, the maximum value is highlighted in bold. Retention behaviour
differs between models, with LLaMA 3.2 3B Instruct abstaining more frequently, highlighting
model-specific strategies in handling evidential uncertainty.

Context Precision Context Recall Retention Rate

Query Retrieval Al A2 A3 GPT52 Al A2 A3 GPT52 LLaMA Phi
Type Method

Expert BM25 846 950 829 979 783 783 733  84.1 200 0.0

Natural  Hybrid 712 767 692 942 733 579 725 663 300 5.0
(BGE-large)

Naive Hybrid 533 717 629 833 575 688 567 716 350  10.0
(BGE-small)

ited sensitivity to ranking refinement, natural queries benefit from targeted post-retrieval
refinement. Consequently, the best-performing methods at £ = 3 in terms of ranking
quality for expert, natural, and naive queries are semantic (BGE-small) and hybrid (BGE-
small), semantic (BGE-small) + PreReRa and hybrid (BGE-large), and hybrid (BGE-

small), respectively and will be further considered for the answer generation performance

(Table [TV).
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6.4 Generation Trade-offs across Query Formulations

The trade-offs in answer correctness, faithfulness, and context grounding exhibited by
under varying query formulations (RQ3) are reported in Table [l For each query
type (expert, natural, naive), the retrieval configuration with the highest ranking quality
and early relevance assessment at k& = 3 was selected. In cases of equivalent retrieval
performance, the computationally lighter configuration was preferred. Based on the top
k = 3 retrieved chunks, answers were generated using two different generation models
and evaluated against four alternative reference answer sets (three human annotators and
one model-generated reference). All metrics were computed using the RAGAS frame-
work with an external evaluation model. Abstention behaviour was handled explicitly.
Responses indicating insufficient evidence (e.g., "I do not know") were treated as absten-
tions, excluded from the computation of answer correctness, and reported separately via

the retention rate.

Across reference sets, answer correctness (Table [[a) is systematically influenced by both
query formulation and model choice. Independent of the specific ground truth, scores
generally decline from expert to natural to naive queries. Two exceptions occur for anno-
tator A2 and GPT 5.2 under the LLaMA model, where correctness increases from natural
to naive queries. Overall, this pattern indicates that increasing descriptiveness tends to
reduce semantic alignment. Although the exact magnitude varies across annotators, the

general trend remains stable.

Phi-3-Mini generally outperforms LLaMA 3.2 3B Instruct, with only one minor exception
for expert queries compared with the reference set by annotator A3. The performance
gap is particularly visible for the GPT-5.2 reference set, where both models achieve lower
correctness scores relative to the human annotator references, suggesting differences in
scope and informational framing. The largest discrepancies occur between GPT-5.2 and
annotator Al: for Phi-3-Mini, the maximal deviation is observed for expert queries (12.1
percentage points) while for LLaMA 3.2 3B Instruct, it emerges for natural queries (14.9
percentage points). This confirms that answer correctness is sensitive not only to query
formulation and model capacity but also to the evaluative perspective embedded in the

reference answers.

For faithfulness (Table [[a), the effect of query formulation is even more pronounced.
Both models attain their highest grounding scores for expert queries, with performance
declining for natural and naive formulations. However, the magnitude and location of the
strongest shift differ between models. For Phi-3-Mini, the largest change occurs between

natural and naive queries (19.9 percentage points), whereas for LLaMA 3.2 3B Instruct,
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the steepest drop is already observed between expert and natural queries (14.8 percent-
age points). This pattern indicates that LLaMA 3.2 3B Instruct consistently yields lower

faithfulness scores across all query types.

Retention behaviour (Table [Ib) further differentiates between models. LLaMA 3.2 3B
Instruct shows significantly higher retention rates across all query types ranging between
20 and 35%. Phi-3-Mini shows a significantly lower retention rate ranging from 0-10%

while still generally outperforming in terms of answer correctness, except in one case.

Context precision (Table [Ib) declines consistently from expert to natural to naive queries
across all reference sets. While precision is highest for expert queries, GPT-5.2 maintains
comparatively elevated precision values across all query types, remaining above 80% even
for naive formulations. This indicates that, irrespective of query specificity, the retrieved
candidate chunks largely constitute relevant evidence with respect to that reference per-

spective.

Context recall (Table exhibits a similar overall tendency but with greater variability.
Expert queries consistently achieve the highest recall across reference sets, whereas nat-
ural and naive queries show less stable behaviour. In particular, recall for natural queries
does not uniformly exceed that of naive queries, reflecting fluctuations in evidence cover-
age across formulations. Considered jointly with answer correctness, context recall does
not display a strictly proportional relationship, as higher recall does not consistently co-

incide with higher correctness scores across query types.

When considered jointly with answer correctness, this pattern suggests that LLaMA 3.2
3B Instruct is more likely to abstain when evidence is perceived as insufficient, while
Phi-3-Mini produces fewer abstentions despite achieving higher answer correctness. This
indicates that LLaMA 3.2 3B Instruct may be less effective at utilising the retrieved con-
text to construct an answer for less specific queries, whereas Phi-3-Mini more consistently
leverages the available evidence even under broader or less well-defined query formula-

tions.

Overall, answer quality depends on query formulation, model characteristics, and refer-
ence perspective. Retrieval adequacy, as reflected in context precision and context recall,
appears more strongly influenced by query formulation and reference perspective than by

differences between generation models.
7 DISCUSSION

The following discussion examines how design decisions influence robustness under organisation-

controlled deployment constraints, structured around evidence acquisition (RQ1, RQ2)
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and evidence utilisation (RQ3).

The results demonstrate that retrieval behaviour is highly query-sensitive. Both ranking
quality and early relevance decline monotonically from expert to naive queries. For exam-
ple, BM25 achieves an nDCG @3 of 34.3% and an MRR@ 3 of 35.8% for expert queries,
but drops to 3.5% and 5.0%, respectively, for naive queries, indicating increasing retrieval
difficulty as the technical specificity of queries decreases. Expert-level queries benefit
from lexical retrieval, particularly BM25, due to precise domain terminology. In contrast,
hybrid retrieval dominates for natural and naive formulations, while semantic retrieval

increasingly outperforms lexical approaches as queries become more descriptive.

Embedding model size does not exhibit a uniform scaling effect when considering vari-
ation in query formulation. While BGE-large performs best for natural queries at small
cut-offs, BGE-small achieves the highest values for expert and naive queries. The largest
model therefore only provides advantages in specific configurations rather than demon-
strating consistent scaling benefits. This pattern suggests that the training scope and data
characteristics of the embedding model exert a stronger influence on retrieval performance
than model size alone. Consequently, selecting the embedding model that best fits the do-

main is more effective than varying model scale across query formulations.

Post-retrieval refinement exhibits conditional effectiveness rather than uniform improve-
ments. Although high Recall@25 values indicate theoretical potential for performance
gains, with hybrid retrieval using BGE-small reaching 75.7% for expert queries, refine-
ment only improves ranking quality for natural queries at small cut-offs, yielding an in-
crease of 5.0 percentage points in nDCG@I. For expert queries, refinement degrades
performance substantially, reducing nDCG@3 by 12.1 percentage points compared to
the non-refined hybrid configuration. The same degradation is observed for naive queries.
These findings indicate that refinement is most effective when queries are moderately spe-
cific, providing sufficient contextual cues for re-ranking without being overly constrained
or overly ambiguous. In contrast, highly precise expert queries already retrieve focused
candidate sets, leaving little room for improvement, while ambiguous naive queries intro-

duce noise that refinement models struggle to resolve.

Answer generation was analysed under fixed retrieval configurations to isolate down-
stream effects. Context precision and recall remain substantial for several reference per-
spectives, particularly for GPT-5.2, but show greater variability across human annotators.
For instance, under naive queries, context recall reaches 77.6% for GPT-5.2 and 57.5% for
annotator A1, corresponding to a difference of 20.1 percentage points. Although retrieval
adequacy tends to decline for less specific queries, this pattern is not consistent across

reference perspectives, and its absolute level varies substantially depending on how rel-
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evance is operationalised. This indicates that differences in answer correctness cannot
be attributed solely to missing evidence but must also reflect how retrieved context is

interpreted and utilised by the generation models.

Despite this comparatively substantial retrieval adequacy, answer correctness declines
from expert to natural to naive formulations. Under naive queries, answer correctness
for Phi-3-Mini falls to 43.9% for GPT-5.2 and 49.9% for annotator Al, even though
context recall and precision are higher for GPT-5.2 than for Al. Higher context recall
and precision therefore do not correspond to higher correctness scores across reference
perspectives. This divergence reveals a retrieval generation utilisation gap. Relevant evi-
dence is retrieved but not proportionally transformed into correct answers. The bottleneck

therefore lies not in evidence acquisition but in context utilisation.

Model choice moderates this utilisation gap. As both LLaMA 3.2 3B Instruct and Phi-
3-Mini operate on identical retrieved context, differences in correctness and faithfulness
reflect differences in contextual reasoning rather than evidence availability. Phi-3-Mini
generally achieves higher correctness, with gains of up to 10.7 percentage points for natu-
ral queries under the GPT-5.2 reference perspective, while exhibiting substantially lower
retention rates ranging from 0-10% compared to 20-35% for LLaMA 3.2 3B Instruct.
This indicates more effective utilisation of available context during answer construction.
However, this improved utilisation comes at computational cost since Phi-3-Mini requires
approximately twice the generation latency compared to LLaMA 3.2 3B Instruct under
identical CPU-based, quantised deployment conditions (see Table[TI)). In contrast, LLaMA
3.2 3B Instruct abstains more frequently without achieving higher alignment, suggesting

a more conservative but not necessarily more effective strategy.

Answer correctness is additionally shaped by the reference perspective. The semantic
overlap heatmap (Figure [6) demonstrates substantial but incomplete agreement between
annotator answers, indicating that even expert-generated ground truths reflect alternative
framings of the same information need. Differences in expected explanatory scope there-
fore influence measured correctness. Evaluation outcomes thus depend not only on model

capability but also on how answer adequacy is operationalised.

Faithfulness further reinforces the utilisation gap. Grounding is highest for expert queries
and declines for natural and naive formulations, with a particularly pronounced drop for
Phi-3-Mini between natural and naive queries, decreasing from 81.3% to 61.4%. Models
rely on clearly specified query intent to align generated content with retrieved evidence.
When scope becomes less specific, grounding deteriorates despite the continued availabil-

ity of relevant context.

Taken together, the findings indicate that query formulation functions as a central system-
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level design factor in[RAG]|pipelines under organisation-controlled deployment constraints,
as retrieval strategies, and generation performance both vary systematically with linguis-
tic specificity. Although retrieval adequacy often remains substantial, answer quality de-
pends on how effectively models transform retrieved evidence into grounded responses
and on how evaluative reference perspectives define expected scope. The observed utili-
sation gap shows that robust system behaviour cannot be inferred from retrieval metrics
alone but emerges from the interaction between retrieval configuration, model-level rea-
soning capacity, and evaluation perspective. Retrieved context should therefore be treated
as evidential support rather than as an implicit guarantee of answer correctness in high-

stakes organisational decision-support settings.

8 CONCLUSION AND FUTURE WORK

This thesis investigated how retrieval and generation components of retrieval-augmented
generation (RAG) systems can be designed and evaluated to remain robust under natural
variation in query formulation and organisation-controlled deployment constraints. A
fully locally deployable RAG architecture based exclusively on small language models

was implemented and systematically analysed under governance-driven restrictions.

With regard to RQ1, the results show that retrieval effectiveness is strongly sensitive to
query formulation. Ranking quality declines substantially from expert to naive queries,
with early precision measures deteriorating by up to 30 percentage points in certain con-
figurations. The relative effectiveness of lexical, semantic, and hybrid retrieval shifts with
linguistic specificity, and embedding scale does not consistently improve retrieval perfor-
mance in the examined setting. Instead, domain fit appears more decisive than parameter
size. Regarding RQ2, post-retrieval refinement exhibits conditional rather than uniform
effectiveness. While refinement improves early ranking quality in some configurations,
it degrades performance in others. These findings suggest that high recall levels are not
consistently translated into improved early ranking quality after refinement, indicating
unrealised potential rather than stable benefit. When small language models are used for
refinement, performance appears sensitive to model capability and to the structure and rel-
evance distribution of the initially retrieved candidates. Its robustness under constrained
deployment therefore requires further systematic investigation. In response to RQ3, an-
swer correctness and faithfulness decline from expert to naive queries even when rele-
vant context remains available. Under naive queries, correctness for Phi-3-Mini remains
around 50% across reference perspectives despite substantial context recall. Correctness
does not scale proportionally with retrieval adequacy. This pattern reveals a retrieval-

generation utilisation gap in which available evidence is not consistently transformed into
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correct and grounded answers, consistent with recent findings that relevant context alone
does not guarantee faithful generation [33]]. Differences between generation models re-
flect variation in contextual reasoning rather than evidence availability, and evaluation

outcomes vary across reference perspectives.

Taken together, the findings demonstrate that robustness under organisation-controlled de-
ployment constraints emerges from the interaction between query formulation, retrieval
configuration, generation capability, and evaluation perspective rather than from model
scale alone. Query formulation functions as a central design variable, and retrieval met-
rics alone are insufficient indicators of system robustness because effective evidence util-

isation constitutes a primary bottleneck within the examined setting.

Future work should examine mechanisms to reduce the retrieval—utilisation gap observed
under small-model constraints. One direction is the incorporation of a lightweight query
rewriting component, building on prior work on query adaptation [40]. Transforming user
inputs into structurally meaningful formulations may facilitate more effective utilisation
of retrieved evidence by small language models. An alternative direction would be to
investigate query-dependent retrieval adaptation mechanisms that condition configuration
choices on structural properties of the input query. Closely related to these directions,
further research should systematically distinguish the sources of the observed refinement
limitations. Specifically, it should examine whether these limitations stem from optimis-
able system-level configuration factors or from constraints inherent to model capacity. It
should also analyse whether a utilisation gap analogous to that observed in generation
manifests during refinement. These approaches are not mutually exclusive and could be
combined within a modular pipeline architecture, allowing individual components to be

optimised independently under deployment constraints.

9 CODE AND DATA AVAILABILITY
The source code developed for this work, together with the regulatory questions, and the
reference answer sets, is maintained in a private repository. Access is available upon

reasonable request by email, subject to the author’s permission. The guidance documents
used as the knowledge base are publicly available from the ECHA|[44].
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10  APPENDIX

10.1 Semantic Similarity Heatmap of Reference Answers
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FIGURE 6: Semantic similarity heatmap of reference answer sets (A1-A3 and GPT-5.2).
While all pairwise overlaps remain above 70%, indicating substantial agreement on the
underlying informational content, noticeable variation persists across annotators. Some
reference sets exhibit systematically higher similarity, reflecting closer alignment in scope
and explanatory depth.

10.2  Annotator Background

The reference set used as ground truth for retrieval evaluation was constructed by three
domain professionals serving as annotators. Annotator 1 is a chemical regulations expert
with professional experience in the interpretation and application of chemical legislation.
Annotator 2 works operationally at the interface of regulatory requirements and their tech-
nical implementation within enterprise compliance systems. Annotator 3 is a PhD chemist

and involved in implementing technical solutions derived from regulatory requirements.
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10.3  Runtime Efficiency

TABLE II: Runtime efficiency across retrieval methods and generation models, reported
as total latency, time-to-first-token (TTFT), and token throughput.

Latency (s) TTFT (s) Throughput (tok/s)

Query Method
LLaMA Phi LLaMA Phi LLaMA Phi

Expert BM25 6.29 11.71 427 6.54 2858 155.5
Natural Hybrid 6.38 11.08 425 651 287.7 168.8
Naive  Hybrid 5.87 1132 424 646 3014 162.4
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10.4  Recall Performance

Notably, [TF-IDH achieves higher Recall@25 than BM25] for natural and naive queries,
despite consistently yielding stronger ranking quality (Table[[V)). Since all chunks
are of fixed length, this difference does not stem from document length normalisation but
from term frequency saturation, which dampens the score contribution of repeat-
edly occurring terms. linear term frequency scaling instead inflates scores for
chunks that repeat query terms frequently, pulling more loosely relevant chunks into the
top-25 set and raising recall at the cost of ranking precision, as reflected in the nDCG @25
values reported in Table

TABLE III: Recall@25 (%) varies substantially across expert, natural, and naive queries.
Hybrid retrieval with the BGE-small model performs best for expert queries, while se-
mantic retrieval with the same model achieves the highest recall for natural and naive
formulations.

Method / Model Recall @25

Expert Natural Naive
TF-IDF 62.2 41.7 31.7
BM25 69.7 34.2 26.7
Hybrid (BGE-small) 75.7 46.8 41.4
Hybrid (BGE-base) 71.2 48.5 32.7
Hybrid (BGE-large) 70.4 46.0 31.8
Semantic (BGE-small) 67.6 54.8 42.3
Semantic (BGE-base) 50.2 50.6 28.9
Semantic (BGE-large) 57.4 52.8 32.4
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10.5 Ranking Quality

TABLE IV: Ranking quality measured by pkDCG@kjat k = 1, k = 3, and k = 25 across
retrieval and post-retrieval configurations (values in %). Per column, the maximum value
is highlighted in bold.

Method / Model nDCG@1 nDCG @3 nDCG @25
Expert Natural Naive Expert Natural Naive Expert Natural Naive

TF-IDF 250 100 50 276 85 23 393 197 113

BM25 250 100 50 343 11.7 35 456 199 119

Semantic (BGE-small) 30.0 100 5.0 276 108 98 409 265 19.8
Semantic (BGE-base) 20.0 00 50 169 37 72 292 193 13.1
Semantic (BGE-large) 20.0 10.0 0.0 184 129 5.6 31.1 262 135

Hybrid (BGE-small) 30.0 100 100 294 13.0 106 46.2 26.0 214
Hybrid (BGE-base) 150 00 50 196 78 63 377 215 149
Hybrid (BGE-large) 200 15.0 0.0 241 165 3.8 393 273 135

Semantic (BGE-small) - 15.0 5.0 - 11.8 5.1 - 263 183
+ PreReRa

Hybrid (BGE-small) + 20.0 - - 17.3 - - 372 - -
PreReRa

Semantic (BGE-small) - 50 5.0 - 46 6.9 - 202 184
+ ReRa

Hybrid (BGE-small) + 15.0 - - 109 - - 330 - -
ReRa
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TABLE V: Ranking quality measured by at k = 1 and k = 3 across retrieval and
post-retrieval configurations (values in %). Per column, the maximum value is highlighted

in bold.

Method / Model MRR@1 MRR@3

Expert  Natural Naive Expert  Natural Naive
TF-IDF 25.0 10.0 5.0 33.3 10.0 5.0
BM25 25.0 10.0 5.0 35.8 12.5 5.0
Semantic (BGE-small) 30.0 10.0 5.0 34.2 14.2 13.3
Semantic (BGE-base) 20.0 0.0 5.0 24.2 3.3 10.0
Semantic (BGE-large) 20.0 10.0 0.0 26.7 15.8 9.2
Hybrid (BGE-small) 30.0 10.0 10.0 35.0 15.8 14.2
Hybrid (BGE-base) 15.0 0.0 5.0 25.0 7.5 9.2
Hybrid (BGE-large) 20.0 15.0 0.0 30.8 19.2 5.8
Semantic (BGE-small) + - 15.0 5.0 - 18.3 6.7
PreReRa
Hybrid (BGE-small) + 20.0 - - 25.8 - -
PreReRa
Semantic (BGE-small) + - 5.0 5.0 - 6.7 10.0
ReRa
Hybrid (BGE-small) + ReRa 15.0 - - 17.5 - -
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10.6  Illustrative Reference Answer

TABLE VI: Illustrative reference answer for the question “When must a Safety Data Sheet
(SDS) be updated?”, drawn from the GPT-5.2-generated reference answer set, one of the
four reference answer sets used as ground truth for answer-generation evaluation. The
complete set of regulatory questions and reference answer sets is stored in the repository
referenced in Section E}

Question When must a Safety Data Sheet (SDS) be updated?
Reference Under REACH/CLP, a supplier must update a Safety Data Sheet (SDS)
Answer without delay in particular when:

» New information becomes available that may affect risk management
measures (e.g. new hazard or exposure information) or new
information on hazards becomes available (including changes to
classification/labeling).

* An authorisation under REACH is granted or refused for the
substance/mixture.

* A restriction under REACH is imposed.
Additionally:
* The revised SDS must be provided free of charge to all former

recipients to whom the substance/mixture was supplied within the
previous 12 months.

* The SDS should indicate that it has been revised (e.g. revision
date/version).

(Primary legal basis: REACH Article 31(9); with related duties under
CLP where classification/label changes drive SDS updates.)
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