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Chapter 1

Introduction

Natural Language Processing (NLP) has undergone a remarkable transformation
over the past decade, evolving from traditional extractive approaches to sophistic-
ated generative systems capable of synthesizing comprehensive responses from
multiple sources. In this context, the Retrieval-Augmented Generation (RAG)
paradigm has emerged as a pivotal solution to address the fundamental limit-
ations of Large Language Models (LLMs), such as knowledge cutoff and the
phenomenon of hallucination. This thesis explores innovative methodologies to
improve RAG pipelines for Question Answering (QA) over documents.

1.1 Overview

RAG systems represent a natural convergence of generative language models and
dense retrieval methods. This modular architecture allows for grounding responses
in external, verifiable evidence, enabling knowledge updates without the need
for extensive model retraining. However, the effectiveness of these pipelines
depends on the seamless integration of several components: from document inges-
tion and chunking to semantic retrieval and final response synthesis. While the
individual components of the RAG pipeline—from retrieval to generation—are
often evaluated independently, this thesis posits that true optimization requires a
unified perspective. The proposed methodologies are deeply interrelated: robust
multilingual benchmarking for Information Retrieval provides the foundation for
selecting base models, which are then specialized through the SAGE domain
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CHAPTER 1. INTRODUCTION

adaptation framework 3. Similarly multilingual benchmarking is crucial to select
optimal Chat Models for Question Answering tasks, which may require further
fine-tuning 4. However, even highly adapted models depend on optimal, domain-
aware chunking strategies to balance context coherence with retrieval precision.
Ultimately, these upstream optimizations in retrieval and segmentation culminate
in the system’s ability to generate faithful answers and provide robust source attri-
bution, effectively closing the loop on a reliable, end-to-end intelligent document
processing pipeline 5.

1.2 Motivation and Objectives

1.2.1 Challenges in Intelligent Document Processing

Integrating advanced QA systems into Intelligent Document Processing (IDP)
platforms faces several technical challenges:

* Multilingual and Domain Gaps: Many models are primarily optimized for
English, showing significant performance degradation in other languages
like Italian or in specialized domains such as finance, law, and medicine.

* Evaluation of Generative Systems: The rapid proliferation of LLMs
necessitates systematic benchmarking frameworks that evaluate not only
fluency but also groundedness (faithfulness to the context) and relevance.

¢ Context Management: Models often struggle with long-range dependen-
cies and the "Lost in the Middle” phenomenon, where critical information
in the center of long inputs is overlooked.

* Complex Data Structures: Real-world documents frequently organize
information in tables, requiring specialized reasoning that differs from
sequential text processing.

1.2.2 Research Objectives

The primary goal of this research is the end-to-end optimization of RAG pipelines.
Specifically, the thesis aims to:

¢ Systematic Benchmarking: Rigorously evaluate the cross-lingual and
cross-domain capabilities of both state-of-the-art embedding models and
chat models.
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CHAPTER 1. INTRODUCTION

* Evaluation Methodology: Analyze and categorize evaluation frameworks
for RAG, addressing the limitations of traditional metrics in assessing
generative accuracy.

* Dynamic Adaptation: Develop scalable frameworks for adapting embed-
ding models to specialized domains in low-resource settings.

* Structural Optimization: Investigate optimal document segmentation
(chunking) strategies in relation to the capabilities of long-context LLMs.

* Reliability and Verifiability: Enhance source attribution mechanisms to
ensure that generated responses are transparent and grounded in the retrieved
evidence.

1.3 Thesis Contributions

1.3.1 Scientific Contributions

This thesis situates itself at the intersection of several critical debates within
the contemporary Natural Language Processing landscape, providing empirical
grounding to ongoing discussions on retrieval-generation integration, domain
specialization, and Trustworthy Al At its foundation, this work addresses the
community’s pressing need for rigorous, reproducible baselines through system-
atic benchmarking. We provide a comprehensive study evaluating 12 embedding
models across English and Italian, highlighting the effectiveness of multilingual
pre-training over language-specific models. Concurrently, our systematic eval-
uation of proprietary and open-weight LL.Ms identifies the ”groundedness gap”
between response relevance and factual fidelity. To accurately measure these
phenomena, the thesis presents a critical analysis and taxonomy of evaluation
methodologies at both the Information Retrieval (e.g., NDCG, MAP) and Question
Answering levels. This includes a review of syntactic, semantic (e.g., BEM),
and reference-free LLM-based metrics (e.g., RAGAS, TruLens). Building on
these foundational insights, the research contributes directly to the discourse on
efficient model specialization through dynamic adaptation. Rather than relying on
massive, monolithic black-box models, we introduce the SAGE framework, which
integrates synthetic data generation and cached contrastive learning for unsuper-
vised domain adaptation. Furthermore, we optimize the handling of complex data
structures by investigating table representations and response paradigms, demon-
strating that Direct QA often outperforms Semantic Parsing for well-structured
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CHAPTER 1. INTRODUCTION

data. Finally, while recent trends in foundation models emphasize scaling con-
text windows to process entire documents intrinsically, our chunking analysis
provides empirical evidence showing that structural chunking remains superior to
whole-document ingestion even for long-context models, particularly in semantic-
ally dense domains. To further ensure Trustworthy Al, this research tackles the
context-attribution problem by developing semi-supervised cross-encoders trained
on synthetically generated data. This methodology offers a highly efficient altern-
ative to LLM-based attribution, proving that lightweight models can reliably link
generated answers to specific retrieved passages without prohibitive computational
costs or the need for extensive manual annotation . Ultimately, by integrating
these systematic evaluations and structural optimizations, this thesis advocates for
a modular, resource-efficient approach to Intelligent Document Processing.

1.3.2 Industrial Contributions

Beyond its scientific advancements, this research has directly influenced the Altilia
platform by translating theoretical insights into tangible industrial applications.
A primary contribution is the establishment of evidence-based model selection
guidelines, which provide robust strategies for choosing optimal model combina-
tions tailored to multilingual and specialized enterprise environments. Building
on this foundation, the integration of the Embedding Models Domain Adaptation
framework allows the platform to automatically adapt embedding models to newer
domains employing synthetic data generation without relying on expensive manual
annotation. To ensure these systems evolve and learn from real-world usage, we
designed the RAG-Dataset format. This multi-level annotation schema uniquely
supports both chunk and answer feedback, creating a structured mechanism for
the continuous improvement of production systems. Moreover, the integration
of our production-ready source attribution methodology enables the platform to
provide verifiable and traceable responses. This capability fulfills stringent regu-
latory compliance requirements in high-stakes sectors, such as finance and law,
while simultaneously bypassing the need for expensive proprietary APIs . Finally,
these structural and methodological improvements collectively drive significant
operational efficiency. By demonstrating how specialized open-weight models can
be effectively deployed, this work provides a blueprint for reducing inference costs
and mitigating privacy risks while consistently maintaining high performance in
commercial settings.
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CHAPTER 1. INTRODUCTION

1.4 Thesis Organization

The remainder of this thesis is organized as follows: Chapter 2 reviews the techno-
logical background and evaluation challenges; Chapter 3 focuses on Information
Retrieval and the SAGE framework; Chapter 4 analyzes Question Answering,
including chat model benchmarks and tabular data; Chapter 5 presents RAG op-
timizations, including chunking and source attribution; finally, Chapter 6 provides
concluding remarks and future perspectives.

1.5 List of Publications

« Evaluating retrieval-augmented generation for question answering with
large language models, CEUR Workshop Proceedings, 2024

* Leveraging Large Language Models for Flexible and Robust Table-to-
Text Generation, DEXA, 2024

* A Comprehensive Evaluation of Embedding Models and LLMs for IR
and QA Across English and Italian, Big Data and Cognitive Computing 9
(5), 2025

» Improving Context-Attribution with Semi-Supervised Cross-Encoders,
ECAL 2025
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Chapter 2

Background and Technological
Context

This chapter provides a comprehensive overview of the technological founda-
tions underlying the research presented in this thesis. We examine the evolution
of Natural Language Processing (NLP) from traditional approaches to modern
transformer-based architectures, explore the transformation of Information Re-
trieval through dense embedding techniques, and discuss how these advances have
reshaped Question Answering systems within Intelligent Document Processing
platforms. The chapter concludes with an analysis of the challenges associated
with evaluating conversational and generative Al systems. Understanding these
foundational concepts is essential for appreciating the contributions made in sub-
sequent chapters regarding Retrieval-Augmented Generation (RAG) systems and
question answering over documents.

2.1 Evolution of NLP and Language Models

Natural Language Processing has undergone a remarkable transformation over
the past decade, driven by advances in deep learning and the availability of
large-scale computational resources. This evolution has fundamentally changed
how machines understand and generate human language, paving the way for
sophisticated applications in information retrieval and question answering [16].
Early neural approaches to NLP relied heavily on sequence-to-sequence
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(Seq2Seq) architectures employing recurrent neural networks (RNNs), partic-
ularly Long Short-Term Memory (LSTM) networks. While successful in tasks
like translation, they suffered from fundamental limitations in parallelization and
handling long-range dependencies [80]. The introduction of the Transformer archi-
tecture by Vaswani et al. [84] marked a paradigm shift by abandoning recurrence
in favor of the self-attention mechanism. This mechanism computes a representa-
tion of the sequence by relating different positions of a single sequence. Formally,
given queries (Q)) and keys (K) of dimension dy, and values (V') of dimension d,,,
the attention function is computed as the weighted sum of the values. The weights
are determined by the compatibility function of the query with the corresponding
key, defined as Scaled Dot-Product Attention:

Attention(Q, K, V') = softmax (QKT> Vv 2.1
o Vi '

—L_ is crucial to counteract the effect of large dot products

The scaling factor NG
pushing the softmax function into regions with vanishing gradients. To capture
relationships from different representation subspaces, the Transformer employs
Multi-Head Attention, which linearly projects the queries, keys, and values h times
with different, learned linear projections:

MultiHead(Q, K, V') = Concat(heady, . .. 7headh)Wo (2.2)

where each head is computed as head; = Attention(QWS2, KWK, VWY).
These properties—scalability and parallelization—have made the Transformer the
de-facto standard for sequence-to-sequence tasks.

The Transformer architecture established two primary paradigms in language
modeling. Encoder-decoder architectures, exemplified by the original Transformer
and TS5 [69], process an input sequence to create contextualized representations
before generating an output sequence, a design well-suited for translation and sum-
marization. Conversely, Decoder-only architectures utilize masked self-attention—
where the attention mask ensures that position ¢ can only attend to positions
J < 1—to process text autoregressively. The simplicity of the decoder-only design
has since become the dominant paradigm for modern Large Language Models
(LLMs).

Two foundational lineages have shaped this landscape: BERT and the GPT
series. BERT (Bidirectional Encoder Representations from Transformers) [16]
revolutionized NLP by employing bidirectional pre-training via masked language
modeling (MLM). Unlike unidirectional models, BERT considers context from
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both directions simultaneously, making it highly effective for understanding tasks
such as classification and named entity recognition. Parallel to this, the GPT
(Generative Pre-trained Transformer) series [67, 7] demonstrated the efficacy of the
decoder-only architecture at scale. The evolution from GPT through GPT-4 proved
that increasing parameter count and training data yields emergent properties, such
as few-shot learning. GPT-3’s 175 billion parameters established prompting as a
primary method for task specification, reducing the need for extensive fine-tuning.

The current era is defined by the dichotomy between closed-source propriet-
ary models and open-weight alternatives. While proprietary models like GPT-4
initially led in performance, the release of LLaMA [82] marked a turning point,
demonstrating that smaller, efficient models trained on vast datasets could rival
larger counterparts. This sparked a surge in open-weight development, led by the
LLaMA and Mistral [32] families. These models are typically “instruction-tuned”
to align with human intent. Furthermore, the ecosystem has expanded to include
specialized open models like Mistral-Nemo and Google’s Gemma [25]. These
recent additions specifically target the performance gap between high-resource
and lower-resource languages, responding to the growing demand for efficient
multilingual solutions [60]. This democratization of large language model tech-
nology has enabled broader adoption in research and industry, particularly for
applications requiring data privacy or local inference.

2.2 Dense Retrieval and Embedding Models

The advances in transformer-based language models have profoundly transformed
information retrieval, giving rise to dense retrieval methods that represent a funda-
mental departure from traditional keyword-based approaches. Traditional informa-
tion retrieval systems relied on lexical matching techniques, with BM25 [74] being
the most prominent example. These methods match queries to documents based
on term frequency and inverse document frequency, treating words as discrete
symbols without semantic understanding. While effective for many use cases,
lexical approaches struggle with vocabulary mismatch—the phenomenon where
queries and relevant documents use different words to express the same concepts.

Dense retrieval methods address this limitation by representing both queries
and documents as dense vectors in a shared semantic space. Rather than matching
exact terms, these systems compute similarity in the embedding space, enabling
retrieval based on meaning rather than surface form. This approach excels at
capturing complex semantic relationships, handling synonymy and polysemy, and
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retrieving relevant documents even when query and document terminology differ
significantly. Two prominent architectural paradigms have emerged for neural
retrieval. Bi-encoders encode queries and documents independently using the
same or separate encoders, producing fixed-dimensional vector representations;
the relevance score is typically computed as the cosine similarity or dot product
between query and document vectors. Formally, let fo : X — R denote an
encoder that maps text sequences to d-dimensional embeddings. Given a query ¢
and a document d, cosine similarity computes the normalized inner product:

. _Jela) - fe(d)
simeos (¢, d) = Ife ()l - I fo(d)]]

When embeddings are L2-normalized (i.e., || fo(x)|| = 1), cosine similarity
reduces to the dot product:

(2.3)

siman (¢, d) = fe(a)" - fo(d) 2.4

This formulation enables retrieval through approximate nearest neighbor
search algorithms such as HNSW or IVF, since document embeddings can be
pre-computed and indexed offline, enabling efficient search over millions of docu-
ments. Pioneering bi-encoder methods include Dense Passage Retrieval (DPR)
[34], ColBERT [35], and ANCE [94]. Cross-encoders, by contrast, process the
query and document jointly, allowing full attention between all tokens. While this
approach typically achieves higher accuracy by modeling fine-grained interactions,
it requires computing representations for each query-document pair at query time,
making it computationally prohibitive for large-scale retrieval. Cross-encoders are
therefore commonly used as re-rankers, refining the results of an initial bi-encoder
retrieval stage.

The field has seen rapid development of specialized embedding models de-
signed explicitly for retrieval tasks. The ES family [86] introduced a simple yet
effective approach using prefix-based input formatting to distinguish between
queries and passages. The GTE (General Text Embeddings) models [45] achieved
strong performance through contrastive learning on large-scale paired data, while
BGE (BAAI General Embeddings) [92] demonstrated robust multilingual per-
formance by leveraging advanced pre-training methods such as RetroMAE. For
multilingual applications, models like multilingual-E5 have proven particularly
valuable, offering consistent performance across languages through training on
diverse multilingual corpora. Language-specific models have also emerged to

10
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address unique linguistic characteristics; for instance, BERTino provides an Italian-
optimized alternative to general multilingual models.

Modern embedding models are typically trained using contrastive learning
objectives, which encourage the model to produce similar representations for
semantically related text pairs while pushing apart unrelated pairs. The Multiple
Negative Ranking (MNR) loss has become a standard approach, leveraging in-
batch negatives to efficiently train bi-encoders without explicit hard negative
mining. This training paradigm has enabled the development of domain-adapted
embedding models through fine-tuning on domain-specific data, a capability that
proves essential for specialized applications in finance, legal, or technical domains.

2.3 Question Answering in Intelligent Document
Processing

Question Answering represents one of the core capabilities of Intelligent Document
Processing platforms, enabling users to extract information from large collections
of complex documents using natural language queries. This functionality signific-
antly reduces the time required to analyze documents and democratizes access to
information that would otherwise require extensive manual review. QA systems
have undergone a fundamental transformation over the past years, evolving from
extractive approaches that identify answer spans within source documents to gen-
erative systems capable of synthesizing comprehensive responses from multiple
sources.

Traditional extractive QA systems identify specific spans of text that answer a
given question. Models like BERT fine-tuned on SQuAD [71] achieved impressive
performance on this task by learning to predict the start and end positions of
answer spans within passages. This approach works well when the exact answer
text appears verbatim in the source document, but it faces limitations when an-
swers require synthesis across multiple passages, when the information must be
reformulated, or when the exact answer text is not present in the source documents.
Large language models have enabled generative QA, where answers are generated
rather than extracted. This approach allows for more natural and comprehensive
responses that can synthesize information from multiple sources, explain reas-
oning, and adapt the response format to the question type. The integration of
retrieval with generation, known as Retrieval-Augmented Generation (RAG), has
emerged as a powerful paradigm for knowledge-intensive QA tasks [42], combin-
ing the parametric knowledge of language models with the ability to access and
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ground responses in external documents. The RAG paradigm represents a natural
convergence of the technological advances discussed in the preceding sections:
transformer-based language models provide the generative capabilities, while
dense retrieval methods enable efficient access to relevant knowledge. This mod-
ular architecture offers several compelling advantages for document-centric QA
applications. First, it enables knowledge updates without model retraining, as the
document collection can be modified independently of the generation component.
Second, retrieved passages provide explicit evidence for generated answers, en-
hancing interpretability and enabling users to verify the sources underlying system
responses. Third, it reduces the computational and data requirements compared to
training or fine-tuning models to internalize domain-specific knowledge. These
properties make RAG particularly well-suited for Intelligent Document Processing
platforms, where document collections evolve continuously and where transpar-
ency and auditability are often essential requirements. Modern conversational Al
systems extend beyond single-turn QA to maintain context across multiple inter-
actions. These systems must manage dialogue state, handle follow-up questions
that depend on conversational history, resolve coreferences, and provide coherent
responses that account for the entire conversation context. The integration of RAG
pipelines with conversational interfaces has enabled more accurate and contextu-
ally aware interactions, reducing hallucinations and improving factual grounding
[78]. A particular challenge in conversational QA is the “Lost in the Middle” phe-
nomenon identified by Liu et al. [48], where models struggle to maintain attention
across long input contexts. This limitation is particularly relevant for QA systems
processing extensive documents or integrating information from multiple retrieved
passages, motivating research into more effective context management strategies.
Despite significant advances in Al-powered Question Answering, human oversight
remains essential for ensuring accuracy, handling edge cases, and maintaining
quality in production systems. The human-in-the-loop paradigm integrates human
judgment at strategic points in automated workflows. Systems can intelligently
select documents or predictions for human review, focusing expert attention where
it is most needed; by prioritizing uncertain or potentially erroneous predictions
through active learning approaches, this strategy maximizes the value of human
review while minimizing annotation burden. Human reviewers validate Al out-
puts and provide corrections that feed back into model improvement, a loop that
proves crucial for domain adaptation and continuous improvement of Intelligent
Document Processing systems. Complex or unusual documents that fall outside
the training distribution can be routed to human experts, ensuring robust handling
of edge cases while maintaining high throughput for routine documents.

12
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2.4 Challenges in Evaluating Conversational and
Generative Systems

Evaluating the quality of outputs from conversational and generative Al sys-
tems presents unique challenges that traditional NLP evaluation methods are
ill-equipped to address. Unlike classification tasks with clear ground truth labels,
generative tasks admit multiple valid outputs, and quality assessment requires
considering dimensions such as factual accuracy, relevance, coherence, and faith-
fulness to source material.

Traditional evaluation metrics for text generation were developed primarily
for tasks like machine translation and summarization, where there is typically
a clear reference output against which generated text can be compared. BLEU
(Bilingual Evaluation Understudy), originally designed for machine translation
[62], measures n-gram overlap between generated and reference texts. While
useful for assessing surface-level similarity, BLEU fails to capture semantic
equivalence when different phrasings convey the same meaning. This limitation is
particularly problematic for QA systems, where correct answers may be expressed
in many equally valid ways. ROUGE (Recall-Oriented Understudy for Gisting
Evaluation), developed for summarization evaluation [47], assesses recall of n-
grams, longest common subsequences, or skip-bigrams. Like BLEU, ROUGE
is limited to lexical overlap and cannot adequately evaluate semantic correctness
of generated responses. BERTScore represents a more recent approach that
leverages BERT embeddings to compute semantic similarity between generated
and reference texts [101]. BERTScore addresses some limitations of lexical
metrics by capturing semantic similarity, but still requires reference texts for
comparison and may not fully capture the nuances of factual accuracy or response
appropriateness.

Human evaluation, while providing the most reliable assessment of response
quality, is expensive, time-consuming, and difficult to scale. This has motivated
the development of automatic evaluation approaches that can approximate human
judgment. Large language models can be employed as evaluators, assessing gener-
ated responses for various quality dimensions such as relevance, coherence, and
factual accuracy. Frameworks like RAGAS [19] and TruLens implement LLM-
based evaluation metrics including context relevance (whether retrieved passages
are relevant for answering the question), groundedness (whether the generated
answer is faithful to the retrieved passages), and answer relevance (whether the
response appropriately addresses the query). These metrics offer scalable evalu-
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ation without requiring reference answers, though their reliability varies across
domains and question types. Developing metrics that can assess response quality
without reference answers remains an active research area. Current reference-
free approaches show poor correlation with human judgment, highlighting that
evaluating answers without ground truth remains a challenging problem for large
language models [59]. The difficulty lies in distinguishing between responses that
are fluent but factually incorrect and those that are correct but stylistically different
from expected answers.

A fundamental challenge in evaluating and training conversational Al systems
is the scarcity of high-quality annotated data, particularly for domain-specific
applications. Creating gold-standard QA pairs requires domain expertise and
significant human effort; for specialized domains such as finance, legal, or ESG
reporting, annotation requires experts who understand both the domain and the
nuances of question-answer evaluation. This creates significant bottlenecks in
developing and evaluating domain-specific systems. To address data scarcity,
researchers have explored using LLMs to generate synthetic training data. This
approach leverages large language models to create question-answer pairs from
document chunks, eliminating the need for manual annotation while preserving
domain-specific context. However, the quality of synthetic data depends heavily on
the generation process, and evaluation benchmarks that reflect real-world domain
distributions remain difficult to construct.

14
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Chapter 3

Information Retrieval for
RAG Systems

3.1 State of the Art

Information Retrieval (IR) has undergone a profound transformation over the past
decade, evolving from traditional lexical matching approaches to sophisticated
neural methods that capture semantic relationships between queries and documents.
This evolution is particularly significant in the context of Retrieval-Augmented
Generation (RAG) systems, where the quality of retrieved information directly
impacts the accuracy and reliability of generated responses. Understanding the cur-
rent landscape of IR techniques is therefore essential for designing effective RAG
pipelines. This section provides a comprehensive overview organized into five
main areas: traditional lexical retrieval, dense neural retrieval, hybrid approaches,
reranking models, and benchmarking frameworks.

3.1.1 Traditional Retrieval: BM25 and Lexical Methods

Traditional IR methods are based on lexical matching between query terms and
document terms, with BM25 representing the most widely adopted approach in
this category [74]. BM25 extends the classic TF-IDF weighting scheme [75]
by incorporating document length normalization and term frequency saturation,
making it particularly effective for ad-hoc retrieval tasks. The BM25 scoring
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function for a document D given a query @ = {q1,¢2, - - - , ¢, } is formally defined
as:

f(gi, D) - (k1 +1)

f(Qi,D)+k1'(1—b+b' ng(‘ﬂ)

3.1)

BM25(D, Q) = 3" IDF(g)
=1

where:

* f(gi, D) is the term frequency of query term ¢; in document D
¢ |D| is the document length (number of terms)

 avgdl is the average document length across the corpus

* k1 controls term frequency saturation (typically k; € [1.2,2.0])

* b controls document length normalization (typically b = 0.75)

The Inverse Document Frequency (IDF) component penalizes terms that
appear in many documents:

N — n(ql) + 0.5
n(g;) + 0.5

where N is the total number of documents in the corpus and n(g;) is the num-
ber of documents containing term ¢;. The additive constant ensures non-negative
IDF values even for very frequent terms. The algorithm computes relevance scores
based on three fundamental components: term frequency in documents, inverse
document frequency across the corpus, and document length normalization para-
meters that prevent bias toward longer documents. Despite the advent of neural
methods, BM25 remains remarkably competitive and continues to serve as a strong
baseline in many retrieval scenarios [81]. Its advantages include computational
efficiency, interpretability, and the ability to perform exact keyword matching,
which in some specialized domains is a key feature in retrieving useful documents.
Furthermore, BM25 does not require training data and can be deployed imme-
diately in new corpora, which makes it particularly valuable in scenarios where
labeled data are scarce or unavailable. Other notable lexical methods include query
likelihood models from the language modeling approach to IR [63] and divergence
from randomness models [3]. Although all of these methods have been largely
superseded by neural approaches in terms of absolute performance, they remain
important components in production systems due to their efficiency, reliability,
and the guarantees they provide for exact term matching.

IDF(g¢;) = log +1 (3.2)
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3.1.2 Dense Retrieval and Neural Representations

The emergence of transformer-based architectures [84], particularly BERT [16]
and its variants, has revolutionized Information Retrieval by enabling semantic
representations that capture meaning beyond lexical overlap. Dense retrieval
methods represent both queries and documents as continuous vectors in a shared
embedding space, where semantic similarity is computed through vector operations
such as dot product or cosine similarity. Dense Passage Retrieval (DPR) [34]
marked a significant milestone by demonstrating that dense representations trained
on question-passage pairs could substantially outperform BM25 on open-domain
question answering tasks. DPR employs a bi-encoder architecture where separate
BERT encoders process queries and passages independently, enabling efficient
retrieval through approximate nearest neighbor search over pre-computed passage
embeddings.

To overcome the bottleneck of compressing documents into a single vector,
Late Interaction models have emerged as a significant architectural innovation.
ColBERT [35] introduced a paradigm that preserves token-level representations
until the final matching stage, computing similarity by matching all query token
embeddings against all document token embeddings and aggregating the max-
imum similarities. This approach provides a balance between the expressiveness
of cross-encoders and the efficiency of bi-encoders. Subsequent iterations like
ColBERTV2 [77] addressed the storage requirements through residual compres-
sion, reducing index size by 6-10x while achieving state-of-the-art zero-shot
performance on BEIR through denoised supervision. The PLAID engine [76]
further improved efficiency by treating documents as bags of centroids for initial
filtering, achieving substantial speedups. More recent work on XTR [41] rethinks
token retrieval entirely, making the scoring stage orders of magnitude cheaper
while advancing state-of-the-art performance without distillation.

Parallel to dense and late-interaction models, Learned Sparse Representations
offer another neural direction that retains the interpretability of lexical methods.
SPLADE [21, 20] learns sparse vocabulary-sized vectors by passing BERT output
through the MLLM head with log-saturation activation, enabling term expansion
beyond the original document vocabulary. Where BM25 relies purely on term
frequency heuristics, SPLADE learns contextual importance weights and discovers
semantic relationships. Efficient SPLADE variants achieve latency comparable
to BM25 through L1 regularization while substantially outperforming both pure
dense retrievers and BM25 on BEIR benchmarks. Other learned sparse approaches
include Deeplmpact for learned term weighting compatible with standard in-
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verted indexes, and document expansion techniques like docTTTTTquery [58]
that generate potential queries a document might answer, significantly improving
effectiveness.

The field has also witnessed substantial innovation in developing specialized
embedding models optimized for retrieval tasks. Sentence-BERT [73] pioneered
the use of siamese network architectures for generating semantically meaningful
sentence embeddings. ANCE [94] addressed the challenge of selecting informat-
ive negative samples during training by using an asynchronously updated index to
retrieve hard negatives. The ES family of models [86] and BGE (BAAI General
Embeddings) [92] demonstrated that text embeddings trained through weakly-
supervised contrastive pre-training on diverse text pairs could achieve strong
performance across multiple languages and retrieval tasks. For language-specific
applications, specialized models have emerged to address unique linguistic charac-
teristics, such as BERTino [54] for Italian text. Two prominent training paradigms
have emerged for these embedding models: bi-encoder and cross-encoder ap-
proaches [73, 31]. Formally, let fo : {z1,...,2,} —> 2 € R? denote a bi-encoder
model where f is the network architecture, © represents the trainable parameters,
and z is the input token sequence. The Multiple Negative Ranking (MNR)
loss leverages in-batch negatives for efficient contrastive training. Given a mini-
batch B = {(g;, ¢; )}l |, where g; is a query and ¢; is its corresponding positive
passage:

5]

Z exp (sim(f(q;), f(cf))/7)
Bl & E'B‘ exp (sim(f(q:), f(c]))/7)

Lyng = (3.3)

where sim(-,-) : R? x R¢ — R is a similarity function (typically cosine
similarity), and 7 > 0 is a temperature hyperparameter controlling the sharpness
of the softmax distribution. For each query g¢;, the positive passage c;r serves as
the target, while all other passages cj (j # 1) in the batch act as in-batch negatives.
This formulation enables efficient training without explicit hard negative mining, as
the batch size effectively determines the number of negative samples. Contrastive
learning has become the dominant training paradigm for bi-encoders, often using
Multiple Negative Ranking (MNR) loss [28] or cached contrastive losses [24] to
improve training efficiency. Furthermore, synthetic data generation approaches
such as GPL (Generative Pseudo Labeling) [85] now allow adapting retrieval
models to specific domains without manual annotation.
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3.1.3 Hybrid Retrieval: Combining Approaches

Recognizing that lexical and semantic approaches capture complementary aspects
of relevance, hybrid retrieval methods have gained prominence by combining
both paradigms to achieve superior performance. These approaches typically
integrate BM25 or other sparse retrievers with dense neural models, leveraging the
strengths of each method. Hybrid retrieval addresses several limitations of pure
dense retrieval: the inability to perform exact keyword matching, sensitivity to
out-of-vocabulary terms, and potential failures on queries requiring precise lexical
matching. By combining sparse and dense signals, hybrid systems can handle a
broader range of query types effectively.

Rank fusion techniques provide straightforward mechanisms for combining
results from multiple retrieval systems. Reciprocal Rank Fusion (RRF) [14]
computes a combined score for each document based on its rank in each constituent
system, without requiring score normalization or calibration. The Reciprocal
Rank Fusion (RRF) score for a document d is computed as:

1
RRF(d) = Z}; T rank (@) (34

where R is the set of ranking lists from different retrieval systems, rank, (d)
is the position of document d in ranking list r, and k is a constant (typically
k = 60) that mitigates the impact of high rankings. However, recent research
has shown that alternatives can improve performance: Convex Combination (CC)
outperforms RRF in both in-domain and out-of-domain settings [8], requiring only
a small training set for weight tuning. Convex Combination directly combines
normalized scores from different retrievers:

SCOTehybrid (d) = v - 8COrCqense (d) + (1 — ) - scoregparse (d) (3.5)

where o € [0, 1] is a weighting parameter that can be tuned on a validation
set. This approach requires score normalization but offers finer control over the
contribution of each retrieval method. Score-aware hybrid retrieval using weighted
combination of dense and sparse scores demonstrates average improvements of
4-8% over RRF on BEIR benchmarks. Three-way hybrid retrieval combining
BM25, dense vectors, and learned sparse representations consistently outperforms
two-way combinations [12].

Query expansion techniques leveraging large language models have emerged
as powerful approaches for improving retrieval without modifying the underlying

Improving RAG Pipelines for Question Answering over Documents

19



CHAPTER 3. INFORMATION RETRIEVAL FOR RAG SYSTEMS

index. HyDE (Hypothetical Document Embeddings) [23] introduced a paradigm
shift by using LLMs to generate hypothetical documents before embedding: rather
than directly embedding a query, HyDE instructs an LLM to generate what a rel-
evant answer document might look like, then embeds that synthetic document for
similarity search. This approach achieves performance comparable to supervised
dense retrievers like DPR on standard benchmarks without any labeled training
data. Query2Doc [87] takes a related approach by concatenating LL.M-generated
pseudo-documents with the original query text, improving BM25 by 3-15% on
MS MARCO and benefiting both sparse and dense retrievers. The key practical
tradeoff for both methods is latency overhead, as LLM inference at query time
adds significant processing time.

3.1.4 Reranking Models

Reranking has become an essential component of modern retrieval pipelines,
operating as a second stage that refines the initial retrieval results to improve
precision. While first-stage retrievers prioritize recall and efficiency, rerankers
can afford more expensive computations to achieve higher accuracy on a smal-
ler candidate set. The standard two-stage pattern retrieves 50-100 candidates
with fast methods, then reranks to select the top 5-10 documents before gener-
ation, dramatically reducing computational cost while maintaining high answer
quality. Cross-encoder rerankers represent the most established approach, employ-
ing full attention over concatenated query-document pairs to compute relevance
scores. MonoBERT [56] demonstrated that cross-encoder reranking dramatic-
ally outperforms retrieval-only approaches, establishing the paradigm for neural
reranking. MonoT5 [57] reformulated ranking as text generation, with the model
generating “true” or “false” given a query-document pair, and relevance scores
derived from token probabilities. RankT5 [104] improved on MonoT5 by dir-
ectly outputting numerical relevance scores and fine-tuning with ranking-specific
losses such as RankNet and LambdaRank rather than classification losses. For
production deployments, the MS MARCO MiniLM models [73] offer compel-
ling efficiency-effectiveness tradeoffs, with the 6-layer variant achieving strong
performance at approximately 1800 documents per second on GPU. The BGE
reranker series [92] has emerged as a widely adopted family of cross-encoder
models, with bge-reranker-v2-m3 supporting over 100 languages and 8192 token
context length. The latest BGE reranker v2.5 introduces layerwise inference
allowing dynamic speed-accuracy tradeoffs at runtime by selecting earlier layer
cutoffs for faster but slightly degraded results. Commercial offerings such as
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Cohere Rerank represent the current state-of-the-art across BEIR and multilingual
retrieval benchmarks. LL.M-based reranking has emerged as a powerful alternat-
ive, with listwise approaches achieving particularly strong results. RankGPT [79]
demonstrated that LLMs can directly generate reordered document lists, with
GPT-4 surpassing supervised models across TREC-DL and BEIR benchmarks.
The approach uses a sliding window strategy to handle candidate lists exceeding
context limits. Three prompting paradigms have emerged for LLM reranking:
pointwise scoring, pairwise ranking prompting (PRP) [65] using comparison-based
sorting with O(N log N') complexity, and listwise generation of complete rankings.
PRP proves remarkably efficient, with medium-sized models performing compar-
ably to much larger models. Open-source alternatives now approach proprietary
model performance at substantially lower cost. RankZephyr [64], a 7B parameter
model distilled from GPT-4 listwise rankings, achieves competitive performance
with BM25 retrieval on TREC benchmarks. RankLLaMA [51] applies LLaMA as
pointwise rerankers, outperforming MonoT5 while remaining fully parallelizable.
ListT5 [97] addresses efficiency concerns with a Fusion-in-Decoder architecture
that encodes passages separately with unique identifiers, achieving improvements
over RankT5 on BEIR with pointwise-comparable efficiency. FIRST [72] achieves
significant latency reduction by using only first-token logits for ranking rather
than generating complete permutation sequences. Multi-stage retrieval pipelines
extend beyond simple two-stage architectures to achieve finer-grained relevance
assessment. FunnelRAG [93] implements three stages with progressive granular-
ity: document-level retrieval for broad coverage, passage reranking for refinement,
and sentence or chunk selection for the final context, achieving substantial corpus
compression with minimal answer recall degradation. The practical recommend-
ation for most RAG systems is to start with efficient cross-encoder models such
as MiniLM or bge-reranker-base for excellent cost-performance balance, scale to
multilingual-capable models like bge-reranker-v2-m3 when needed, and consider
LLM-based rerankers only when maximum quality justifies the computational
overhead.

3.1.5 Benchmarks and Datasets

The development of comprehensive benchmarking frameworks has been crucial
for advancing the field and enabling fair comparisons between retrieval meth-
ods. BEIR (Benchmarking IR) [81] established a heterogeneous benchmark for
zero-shot evaluation of information retrieval models, spanning 18 diverse domains
including scientific literature (SciFact), medical information (NFCorpus), argu-
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ment retrieval (ArguAna), and question answering datasets (Natural Questions).
By evaluating models without domain-specific fine-tuning, BEIR provides insights
into generalization capabilities and has revealed significant variability in model
performance across domains, highlighting the challenge of building universally
effective retrieval systems. Building on BEIR, MTEB (Massive Text Embed-
ding Benchmark) [53] expanded evaluation to eight distinct embedding tasks
across multiple languages, providing a comprehensive leaderboard for comparing
embedding models. The MTEB leaderboard has become an essential resource
for practitioners selecting embedding models for production systems. Recent
extensions such as MMTEB [18] have further expanded multilingual coverage, ad-
dressing the need for evaluation across a broader range of languages and linguistic
contexts.

Standard evaluation metrics for retrieval include NDCG (Normalized Discoun-
ted Cumulative Gain), MAP (Mean Average Precision), Recall@k, and Preci-
sion@k [10]. Normalized Discounted Cumulative Gain (NDCG) measures
ranking quality by comparing the actual ranking to an ideal ordering. The Dis-
counted Cumulative Gain at position k is:

(3.6)

where rel; is the relevance score of the item at position ¢. The logarithmic
discount penalizes relevant documents appearing lower in the ranking. NDCG
normalizes DCG by the ideal ranking:

DCGQ@k
D =—— " .
NDCGQk IDCGaE (3.7)
where IDCG@F is the DCG of the ideal ranking with all relevant documents at

the top. Mean Average Precision (MAP) averages precision across recall levels:

k
Z P(i)-rel(i) (3.8)

1
MAPGE= (g 2 APk, = |Q| 2 (g ) mm(mq,k)

where m, is the number of relevant documents for query g, P(¢) is precision
at position ¢, and rel(¢) is a binary relevance indicator.
Precision @k and Recall @k measure retrieval accuracy and completeness:
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[relevant items retrieved Q|
k

PrecisionQk = (3.9

Recall@k — |relevant items retrievedQF|

3.10
|total relevant items| (3.10)

Mean Reciprocal Rank (MRR) evaluates how early the first relevant docu-
ment appears:

1 Q] 1
MRR = Bl ; o (3.11)
where rank; is the position of the first relevant document for query .

Despite significant advances, several challenges remain in information retrieval for
RAG systems. Cross-lingual evaluation frameworks that assess performance across
diverse language families, particularly for morphologically rich languages, remain
underdeveloped [40]. The effectiveness of embedding models varies considerably
across languages and domains, with performance patterns not yet systematically
documented or understood, and critical questions remain about the trade-offs
between model size, computational efficiency, and multilingual performance.
Systematic assessment of domain adaptation capabilities when moving from
general to specialized contexts presents ongoing challenges, as current systems
often struggle with specialized terminology and reasoning patterns [27]. The “Lost
in the Middle” phenomenon [48] has revealed that language models struggle to
maintain attention across long input contexts, presenting a critical limitation for
RAG systems that must integrate information from multiple retrieved passages.
Addressing these challenges requires advances in both retrieval strategies and
generation models, pointing toward important directions for future research in this
rapidly evolving field.

3.2 Contributions
3.2.1 Multilingual Benchmarking

The development of robust benchmarking frameworks has been instrumental in
advancing the field of information retrieval, enabling researchers and practitioners
to systematically compare model performance and identify optimal solutions
for specific applications. Prominent benchmarks such as BEIR (Benchmarking
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IR) [81] and MTEB (Massive Text Embedding Benchmark) [53] have established
standardized evaluation protocols that have become essential resources for the
research community. However, these frameworks predominantly focus on English
and a limited set of high-resource languages, creating a significant gap in our
understanding of how embedding models perform across linguistic boundaries.

This limitation is particularly concerning for European languages beyond
English, where the availability of evaluation resources remains limited despite sub-
stantial demand for multilingual information systems. Italian, as one of the major
European languages with distinctive morphological and syntactic characteristics,
represents an important test case for assessing cross-lingual transfer capabilities.
To address this gap, we conducted a comprehensive multilingual benchmarking
study [60] that systematically evaluates embedding models across English and
Italian, providing empirical evidence of cross-lingual performance patterns and
establishing new benchmarks for multilingual information retrieval systems within
RAG pipelines.

Methodology Inspired by MTEB

Our evaluation framework draws methodological inspiration from the MTEB
benchmark while extending its scope to address the specific requirements of cross-
lingual evaluation. The MTEB framework established the practice of evaluating
embedding models across multiple tasks and datasets to obtain a comprehensive
picture of model capabilities. We adopted this philosophy while focusing specific-
ally on the retrieval task, which is most directly relevant to RAG applications, and
extending the evaluation to encompass both English and Italian across diverse
domains.

The experimental design was structured around three complementary dimen-
sions of analysis. First, we assessed cross-domain effectiveness by evaluating
models on datasets spanning from general knowledge to highly specialized sci-
entific and medical content. This dimension allows us to understand how well
models generalize beyond their training distributions and whether certain architec-
tural choices confer advantages in domain transfer. Second, we examined cross-
language performance by comparing model behavior on parallel or comparable
datasets in English and Italian, enabling direct quantification of the performance
gap attributable to language differences. Third, we analyzed the impact of re-
trieval size on model accuracy, investigating how performance scales with the
number of retrieved documents—a consideration of practical importance for RAG
system design where computational costs and context window limitations must
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be balanced against retrieval completeness. To evaluate these dimensions, we
selected datasets covering diverse domains and linguistic contexts (summarized in
Table 3.1). For the English evaluation, we employed SQuAD (Stanford Question

Table 3.1: Overview of datasets used for multilingual IR evaluation. The selection
spans general and specialized domains across English and Italian.

Dataset Domain Language Task

SQuAD-en Open/General English IR

SQuAD-it  Open/General Italian IR

DICE Crime News Italian News Retrieval
SciFact Scientific Literature  English Fact Checking
ArguAna Argumentation English Argument Retrieval
NFCorpus  Bio-Medical English IR

Answering Dataset) [71] as the primary general-domain benchmark. SQuAD’s
widespread adoption in the NLP community and the availability of a high-quality
Italian translation make it ideal for cross-lingual comparison. The dataset com-
prises question-answer pairs derived from Wikipedia articles, providing broad
coverage of general knowledge topics. To assess performance on specialized con-
tent, we incorporated three additional English datasets from the BEIR benchmark
collection. SciFact contains expert-written scientific claims paired with evidence
from research abstracts, testing models’ ability to retrieve relevant scientific lit-
erature for fact verification. ArguAna consists of argument-counterargument
pairs from online debate platforms, evaluating retrieval systems’ capacity to find
relevant counterarguments—a task requiring nuanced semantic understanding
beyond simple topical relevance. NFCorpus focuses on the biomedical domain
with natural language queries about nutrition and health, representing one of the
most challenging specialized domains due to the technical vocabulary and com-
plex reasoning patterns involved. For the Italian evaluation on general-domain,
we employed two complementary datasets. SQuAD-it, the Italian translation of
SQuAD 1.1, enables direct comparison with English performance on equivalent
content, isolating the effect of language on retrieval accuracy. As Italian special-
ized domain we employed DICE (Dataset of Italian Crime Event news) [6] corpus
provides a domain-specific evaluation context with crime news articles from Italian
newspapers. For the DICE evaluation, we used news titles as queries to retrieve
relevant corpus documents, simulating a realistic news retrieval scenario. This
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combination of general and domain-specific Italian datasets allows us to assess
both baseline cross-lingual capabilities and domain adaptation in a non-English
context.

Comparative Evaluation of Embedding Models

Our evaluation encompasses 12 embedding models representing the current state
of the art across different design philosophies and target languages. The model
selection was deliberately structured to enable multiple comparative analyses:
between English-specific and multilingual models, between open-source and
proprietary solutions, and between models of different sizes within the same
family. Table 3.2 summarizes the models included in our evaluation.

Table 3.2: Embedding models evaluated in the multilingual benchmarking study.
Models are grouped by their language scope: English-specific, multilingual, and
Italian-specific.

Model Parameters Max Length Language Scope
GTE-base 109M 512 English
GTE-large 335M 512 English
BGE-base-en-v1.5 109M 512 English
BGE-large-en-v1.5 335M 512 English
multilingual-E5-base 278M 512 Multilingual
multilingual-E5-large 560M 512 Multilingual
text-embedding-ada-002 N/A 8192 Multilingual
embed-multilingual-v2.0 N/A 256 Multilingual
embed-multilingual-v3.0 N/A 512 Multilingual
sentence-bert-base 109M 512 Italian
BERTino 65M 512 Italian
BERTino v2 65M 512 Italian

The English-specific models include GTE (General Text Embeddings) and
BGE (BAAI General Embeddings), both available in base and large variants.
These models represent strong baselines that have achieved top performance on
English retrieval benchmarks and allow us to assess whether language-specific
optimization provides advantages over multilingual approaches when operating
within a single language.
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The multilingual models constitute the largest group in our evaluation, reflect-
ing the practical importance of cross-lingual capabilities for real-world applica-
tions. The ES family includes both base and large multilingual variants trained
on diverse multilingual corpora using contrastive learning objectives. We also
evaluated proprietary offerings from OpenAl (text-embedding-ada-002) and Co-
here (embed-multilingual-v2.0 and embed-multilingual-v3.0), which represent
commercially deployed solutions with undisclosed architectural details but strong
reported performance across languages.

Finally, the Italian-specific models provide a baseline for understanding whether
language-specialized training offers advantages for Italian retrieval tasks. BERTino
and its successor BERTino v2 are DistilBERT-based models trained specifically
on Italian text, while sentence-bert-base represents an Italian adaptation of the
Sentence-BERT architecture. These models, while smaller in parameter count,
may capture Italian-specific linguistic patterns that multilingual models might
miss.

All models were evaluated in a zero-shot setting without any task-specific
fine-tuning, reflecting the practical scenario where models must generalize to
new domains and datasets without additional training. This evaluation paradigm
provides insights into the inherent cross-domain and cross-lingual transfer capabil-
ities of each model architecture. Following established practices in the information
retrieval community and aligning with MTEB standards, we employed NDCG@ 10
(Normalized Discounted Cumulative Gain at rank 10) as the primary metric for
assessing ranking quality. NDCG is particularly well-suited for retrieval evaluation
because it accounts for both the relevance and position of retrieved items, assigning
higher importance to relevant documents appearing earlier in the ranked list. To en-
sure the robustness of our findings and provide a more comprehensive assessment,
we complemented NDCG @ 10 with additional metrics capturing different aspects
of retrieval quality. Mean Average Precision (MAP@ 10) summarizes precision
across different recall levels, emphasizing the importance of retrieving relevant
documents early. Recall@ 10 measures the proportion of all relevant documents
that appear in the top 10 results, assessing retrieval completeness. Precision@ 10
evaluates the proportion of retrieved documents that are relevant, indicating the ac-
curacy of the retrieval system. This multi-metric approach allows us to verify that
performance patterns observed with NDCG generalize across different evaluation
perspectives. Our systematic evaluation reveals a nuanced landscape of embedding
model performance, with effectiveness varying considerably across languages,
domains, and model architectures. The zero-shot evaluation paradigm employed
in our study provides insights into the inherent generalization capabilities of each
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model, unconfounded by task-specific optimization. We organize our findings
around three main themes: cross-domain effectiveness on English datasets, cross-
language comparison between English and Italian, and the impact of retrieval size
on performance. The evaluation on English datasets reveals significant perform-
ance variation across domains, highlighting the challenge of building universally
effective retrieval systems. Table 3.3 presents the comprehensive nDCG@ 10
scores across all evaluated models and datasets.

Table 3.3: nDCG@10 scores for English and Italian datasets across different
domains. Dashes indicate that the model was not evaluated on that dataset due to
language incompatibility.

Model SQuAD-en SQuAD-it DICE SciFact ArguAna NFCorpus
GTE-base 0.87 — — 0.74 0.56 0.37
GTE-large 0.87 — — 0.74 0.57 0.38
bge-base-en-v1.5 0.86 — — 0.74 0.64 0.37
bge-large-en-v1.5 0.89 — — 0.75 0.64 0.38
multilingual-e5-base 0.90 0.85 0.56 0.69 0.51 0.32
multilingual-e5-large 0.91 0.86 0.64 0.70 0.54 0.34
ada-002 (OpenAl) 0.86 0.79 0.54 0.71 0.55 0.37
embed-multi-v2.0 0.84 0.79 0.64 0.66 0.55 0.32
embed-multi-v3.0 0.90 0.86 0.72 0.70 0.55 0.36
sentence-bert-base — 0.52 0.22 — — —
BERTino — 0.57 0.33 — — —
BERTino v2 — 0.64 0.40 — — —

Several important patterns emerge from the cross-domain analysis. First, no
single model achieves universal superiority across all tasks, suggesting that the op-
timal model choice depends on the specific application context. The multilingual-
E5-large model achieves the highest performance on general domain tasks with an
nDCG@10 of 0.91 on SQuAD-en, demonstrating that multilingual training does
not necessarily compromise performance on English tasks. However, the BGE
models show particular strength on specialized content, achieving the best per-
formance on ArguAna (0.64) and SciFact (0.75), indicating that English-focused
training may provide advantages for domain-specific retrieval.

A particularly striking finding is the consistent degradation pattern observed
as tasks become more specialized. Taking embed-multilingual-v3.0 as a repres-
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entative example, performance decreases from 0.90 on general domain content
(SQuAD) to 0.70 on scientific literature (SciFact), further declining to 0.55 on
argument retrieval (ArguAna), and reaching its lowest point of 0.36 on medical
domain tasks (NFCorpus). This gradient of approximately 60% relative perform-
ance loss from general to specialized domains represents a fundamental challenge
that current pre-training approaches have not fully addressed. Similar patterns are
observed across other multilingual models, with multilingual-E5-large showing
comparable degradation from 0.91 (SQuAD) to 0.70 (SciFact) to 0.54 (ArguAna)
to 0.34 (NFCorpus).

The GTE and BGE architectures demonstrate somewhat more robust adaptab-
ility to scientific and medical domains compared to their multilingual counterparts,
maintaining stronger performance on SciFact and NFCorpus. This observation
suggests that the diversity of training data and the specific pre-training objectives
employed in English-focused models may confer advantages for technical con-
tent, even as multilingual models excel in general domains. The cross-lingual
evaluation provides crucial insights into the effectiveness of different modeling
approaches for Italian retrieval tasks. We compared multilingual models capable
of operating in both languages against Italian-specific models trained exclusively
on Italian text. This comparison allows us to assess whether language-specialized
training provides advantages that outweigh the benefits of multilingual pre-training
on larger and more diverse corpora. The results clearly demonstrate that multi-
lingual models consistently outperform Italian-specific alternatives across both
general and domain-specific datasets. On SQuAD-it, the best multilingual models
(multilingual-E5-large and embed-multilingual-v3.0) achieve nDCG@ 10 scores
of 0.86, substantially outperforming the best Italian-specific model, BERTino
v2, which achieves only 0.64. This performance gap of 0.22 in absolute terms
represents a 34% relative improvement, a substantial margin that underscores the
effectiveness of multilingual pre-training for cross-lingual transfer. The pattern
persists on the domain-specific DICE dataset, where embed-multilingual-v3.0
achieves 0.72 compared to 0.40 for BERTino v2. The more pronounced gap on this
news retrieval task (0.32 absolute difference, 80% relative improvement) suggests
that multilingual models may be particularly advantageous for domain-specific
applications where Italian-specific training data is limited. To verify the robustness
of these findings, we conducted a comprehensive multi-metric evaluation compar-
ing performance across nDCG@ 10, MAP@ 10, Recall@ 10, and Precision@ 10.
Table 3.4 presents these results for the SQuAD datasets in both languages. The
multi-metric analysis confirms that model rankings remain largely stable regardless
of the evaluation metric employed. For instance, multilingual-E5-large demon-
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Table 3.4: Comprehensive evaluation with multiple IR metrics for SQuAD-en
(English) and SQuAD-it (Italian). The consistency of rankings across metrics
validates the robustness of our findings.

SQuAD-en SQuAD-it
Model nDCG MAP R@10 P@10 | nDCG MAP R@I10 P@I10
multilingual-e5-base 0.90 0.87 0.98 0.098 0.85 0.80 0.97 0.097
multilingual-e5-large | 0.91 0.88 1.00 0.100 0.86 0.83 0.95 0.095
embed-multi-v3.0 0.90 0.86 1.00 0.10 0.86 0.81 0.98 0.098
sentence-bert-base — — — — 0.52 0.45 0.72 0.072
BERTino — — — — 0.57 0.50 0.77 0.077
BERTino v2 — — — — 0.64 0.58 0.85 0.085

strates consistently strong performance across all metrics for SQuAD-en (nDCG:
0.91, MAP: 0.88, Recall@10: 1.00, Precision@10: 0.10), with similarly robust
results for SQuAD-it. This consistency across different evaluation perspectives
strengthens our confidence that the observed advantages of multilingual models
over Italian-specific alternatives represent genuine performance differences rather
than artifacts of a particular metric choice. The embed-multilingual-v3.0 model
emerges as particularly noteworthy, maintaining strong performance not only in
general tasks but also demonstrating exceptional versatility across both SQuAD-it
(0.86) and the specialized DICE dataset (0.72). This robust cross-domain per-
formance suggests that recent architectural advances and training methodologies
are successfully addressing the historical challenges of multilingual modeling,
enabling single models to serve effectively across multiple languages and domains.
Understanding how retrieval performance scales with the number of returned
documents is essential for designing practical RAG systems, where the choice
of retrieval size involves trade-offs between comprehensiveness, computational
cost, and the constraints imposed by LLM context windows. We systematically
analyzed this relationship using multilingual-E5-large on the DICE dataset, meas-
uring Recall @k across a range of retrieval sizes. Table 3.5 presents the results of
this analysis.

The data reveals a characteristic logarithmic growth pattern that can be de-
composed into three distinct phases. In the initial rapid growth phase (k = 1 to
k = 20), recall more than doubles from 0.335 to 0.680, indicating that the model’s
top-ranked documents capture a substantial portion of the relevant content. This

30

Improving RAG Pipelines for Question Answering over Documents



CHAPTER 3. INFORMATION RETRIEVAL FOR RAG SYSTEMS

Table 3.5: Recall@£ for multilingual-E5-large on the DICE dataset across different
retrieval sizes.

k  Recall@k
1 0.335
0.535
10 0.611
20 0.680
50 0.767
100 0.827

phase offers the highest marginal returns per additional retrieved document. The
moderate improvement phase (k = 20 to k = 50) shows continued but decelerat-
ing gains, with recall increasing by 0.087 to reach 0.767. Finally, the diminishing
returns phase (k > 50) exhibits marginal improvements that decrease significantly,
with recall reaching 0.827 at k = 100—only 0.060 higher than at £ = 50.

These findings have direct implications for RAG system design. For most
applications, retrieving between 10 and 20 documents provides an optimal balance
between recall and computational efficiency. Going beyond 20 documents yields
progressively smaller improvements while increasing both latency and the cog-
nitive load on the generation model. However, for applications where maximum
recall is critical—such as legal or compliance use cases where missing a relevant
document could have serious consequences—the higher retrieval sizes may be
justified despite their diminishing returns.

Results on English and Italian

The comprehensive evaluation across languages and domains reveals several sig-
nificant findings that both advance our theoretical understanding and provide
practical guidance for system deployment. These findings challenge some com-
mon assumptions about multilingual model performance while reinforcing others.
Perhaps the most important finding from our evaluation is the demonstration that
state-of-the-art multilingual embedding models achieve competitive performance
across both English and Italian with minimal performance gaps in general domains.
The embed-multilingual-v3.0 model maintains nDCG @ 10 scores of 0.90 for Eng-
lish and 0.86 for Italian on the SQuAD tasks, representing only a 4% relative
decrease when moving from English to Italian. Similarly, multilingual-E5-large
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achieves 0.91 and 0.86 for English and Italian respectively, with an equivalent 5%
relative gap. These results are particularly encouraging because they suggest that
recent advances in multilingual pre-training have successfully addressed many of
the historical challenges that plagued earlier cross-lingual models. The ability to
deploy a single model across multiple languages without substantial performance
degradation simplifies system architecture and reduces the maintenance burden
associated with managing separate models for each language. Furthermore, the
fact that multilingual models often match or exceed the performance of English-
specific models even on English tasks (e.g., multilingual-E5-large achieving 0.91
versus BGE-large-en-v1.5 at 0.89 on SQuAD-en) suggests that multilingual train-
ing may provide beneficial regularization effects that improve generalization. A
counterintuitive finding from our evaluation is that larger models within the same
family do not consistently outperform their smaller counterparts. The comparison
between base and large variants reveals that architectural design choices and train-
ing methodology may have more impact on performance than parameter count
alone. Consider the GTE model family: both GTE-base (109M parameters) and
GTE-large (335M parameters) achieve identical nDCG@ 10 scores of 0.87 on
SQuAD-en, despite the large variant having more than three times the parameters.
The BGE family shows a modest advantage for the larger model, with BGE-large-
en-v1.5 achieving 0.89 compared to 0.86 for BGE-base-en-v1.5, but this 3-point
improvement may not justify the substantially increased computational costs for
many applications. Similarly, the multilingual-E5 family shows only marginal
improvements from base (0.90 on SQuAD-en) to large (0.91), despite doubling the
parameter count from 278M to S60M. These observations have important practical
implications. For resource-constrained deployments or applications requiring low
latency, the base variants of these model families may offer the best efficiency-
performance trade-off. The diminishing returns from scaling suggest that further
improvements may require innovations in architecture or training methodology
rather than simply increasing model size. Despite the impressive cross-lingual
capabilities of modern embedding models, our evaluation reveals that performance
consistency decreases substantially when moving from general to specialized do-
mains. This domain specialization challenge represents a fundamental limitation
that persists regardless of the evaluation metric, model architecture, or language
under consideration.

The embed-multilingual-v3.0 model illustrates this pattern clearly in Eng-
lish tasks: achieving 0.90 nDCG@ 10 on general domain content (SQuAD), but
dropping to 0.70 on scientific literature (SciFact), 0.55 on argument retrieval
(ArguAna), and reaching only 0.36 on medical domain tasks (NFCorpus). This

32

Improving RAG Pipelines for Question Answering over Documents



CHAPTER 3. INFORMATION RETRIEVAL FOR RAG SYSTEMS

represents a 60% relative performance loss from the best to worst performing
domain—a gap that would significantly impact the reliability of RAG systems
deployed in specialized contexts.

The pattern persists in Italian, though with fewer domain-specific datasets
available for comparison. The embed-multilingual-v3.0 model achieves 0.86
nDCG @10 on the general domain (SQuAD-it) but drops to 0.72 on the specialized
news domain (DICE). Language-specific models like BERTino show even more
pronounced degradation, with performance dropping from 0.64 on SQuAD-it
to 0.40 on DICE—a 37% relative decrease that underscores the importance of
domain adaptation for non-English applications.

These findings suggest that current pre-training approaches, despite their
success in general domains, do not sufficiently capture the specialized vocabu-
lary, reasoning patterns, and domain-specific relationships required for technical
content. Addressing this limitation may require domain-adaptive pre-training,
specialized fine-tuning, or hybrid retrieval approaches that combine neural and
lexical methods to ensure coverage of domain-specific terminology.

Optimal Model Selection for Platform

The empirical findings from our multilingual benchmarking study provide action-
able guidance for model selection in production RAG systems. Rather than seeking
a single optimal model, our results suggest that the best choice depends on the spe-
cific requirements of the application, including the languages to be supported, the
domains to be covered, and the computational resources available. We synthesize
our findings into practical recommendations for different deployment scenarios.
For applications requiring consistent performance across English and Italian in
general domains, embed-multilingual-v3.0 emerges as the optimal choice based
on our evaluation. This model offers the best balance of cross-lingual consistency
(0.90/0.86 nDCG @10 for English/Italian on SQuAD) and robust performance
on domain-specific content (0.72 on DICE). The multilingual-E5-large model
represents a strong open-weight alternative with comparable performance char-
acteristics, offering the advantage of full model transparency and the possibility
of fine-tuning for specific applications. The proprietary text-embedding-ada-002
from OpenAl, while widely used, shows somewhat lower performance in our
evaluation (0.86/0.79 for English/Italian SQuAD), suggesting that the newer Co-
here embeddings may offer advantages for multilingual applications. However,
ada-002’s substantially longer context window (8192 tokens versus 512 for most
alternatives) may be advantageous for applications requiring processing of longer
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documents. When deployment is primarily English-focused with requirements
for strong performance on specialized domain content, the BGE model family
(particularly bge-large-en-v1.5) provides superior performance on scientific and
argumentative content. The BGE-large model achieves 0.75 on SciFact and 0.64
on ArguAna, outperforming all multilingual alternatives on these specialized tasks.
This advantage comes at the cost of cross-lingual capability, making BGE models
appropriate only when Italian support is not required. For applications requiring
both English specialization and some multilingual capability, a hybrid approach
may be optimal: using BGE models for English-specific specialized content while
maintaining multilingual models for general content and other languages. For scen-
arios with computational constraints—such as edge deployment, high-throughput
applications, or cost-sensitive cloud deployments—multilingual-E5-base offers
an excellent efficiency-performance trade-off. With 278M parameters, it achieves
0.90 nDCG@10 on English SQuAD, matching the performance of much lar-
ger models while requiring substantially less memory and compute. The 0.85
performance on Italian SQuAD represents only a marginal decrease from the
560M-parameter large variant’s 0.86, suggesting that the base model captures
most of the cross-lingual capability at a fraction of the computational cost. Our
evaluation demonstrates that multilingual models substantially outperform Italian-
specific alternatives in absolute terms. Further fine-tuning of those multilingual
models on Italian-specific datasets may capture certain language-specific patterns
or cultural references that multilingual models trained predominantly on English
content might miss, though our evaluation did not specifically assess this dimen-
sion. The findings from this multilingual benchmarking study directly informed
the model selection decisions for the Altilia platform. Based on our evaluation,
embed-multilingual-v3.0 was adopted as proprietary embedding model for cross-
lingual retrieval tasks, providing consistent performance across Italian and English
content. While the ES multilingual family is adopted as open-weights multilingual
alternatives for applications where privacy and costs are critical. For specialized
English applications where maximum precision is required, the platform maintains
the option to deploy BGE models, implementing the hybrid strategy suggested by
our findings.

3.2.2 Fine-tuning Semantic Models

The multilingual benchmarking study presented in Section 3.2.1 revealed a funda-
mental limitation of existing embedding models: even state-of-the-art multilingual
models exhibit significant performance degradation when applied to specialized
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domains. The embed-multilingual-v3.0 model, for instance, experienced a 60%
relative performance loss when moving from general domain content (SQuAD) to
specialized technical domains (NFCorpus). This observation, consistent across
multiple model families and evaluation metrics, motivated the development of a
comprehensive framework for domain-adaptive fine-tuning of semantic models.

The challenge of domain adaptation in neural information retrieval is multi-
faceted. Specialized domains such as Environmental, Social, and Governance
(ESG) reporting, legal documentation, financial filings, and technical engineering
corpora present unique characteristics that distinguish them from the general web
text on which most embedding models are pre-trained. These domains exhibit
specialized vocabulary and terminology that may not be well-represented in gen-
eral pre-training corpora, complex document structures that require understanding
of hierarchical relationships and cross-references, domain-specific semantic re-
lationships where terms may have meanings distinct from their general usage,
and multilingual content that must be processed consistently across languages.
Furthermore, creating high-quality annotated datasets in these specialized domains
is prohibitively expensive, as annotation requires domain expertise that is both
scarce and costly. This scarcity of labeled training data represents a fundamental
bottleneck for supervised domain adaptation approaches.

To address these challenges, we developed a comprehensive framework that
integrates synthetic data generation with contrastive learning to enable effective
domain adaptation without manual annotation. The framework, which we term
Synthetic Augmentation for Guided Embeddings (SAGE), provides a scalable and
reproducible methodology for adapting general-purpose embedding models to
specialized retrieval contexts. In the following sections, we describe our specific
implementation of the contrastive learning approach introduced in Section 3.1.2,
present the synthetic data generation pipeline, detail the training and evaluation
methodology, and report experimental results demonstrating the effectiveness of
domain-specific fine-tuning.

Contrastive Learning Implementation

Building upon the contrastive learning foundations and bi-encoder architectures
introduced in Section 3.1.2, we designed a training methodology specifically
optimized for domain adaptation in low-resource settings. While the MNR loss
formulation (Equation 3.3) provides the theoretical basis for our approach, effective
domain adaptation requires careful consideration of training dynamics, particularly
regarding batch size and learning rate scheduling. A fundamental challenge in
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contrastive learning is that effectiveness scales with batch size: larger batches
provide more diverse in-batch negatives, leading to better gradient estimates and
improved representation quality. However, GPU memory constraints limit the
batch sizes that can be processed during training, particularly for large transformer
models. With standard training on consumer-grade hardware, batch sizes are
typically limited to 8-32 examples, which may not provide sufficient negative
diversity for learning fine-grained semantic distinctions in specialized domains.

To address this limitation, we adopt Cached Contrastive Learning [24], a
technique that enables training with effectively large batch sizes while maintaining
manageable memory requirements. The key insight is that gradient computation
can be decomposed into two phases: a forward pass that computes embeddings,
and a backward pass that computes gradients. By caching the embeddings from
multiple forward passes before performing the backward pass, we can simulate
the effect of a large batch without holding all intermediate activations in memory
simultaneously.

The Cached-MNR procedure operates as follows. In the accumulation phase,
for each sub-batch of size b, we perform a forward pass through the encoder and
cache the resulting embeddings with gradient tracking disabled. This is repeated
for k sub-batches, accumulating a cache of B = k - b embeddings. In the loss
computation phase, we compute the contrastive loss using the full set of cached
embeddings, treating all B embeddings as a single large batch. Finally, in the
gradient computation phase, we perform the backward pass, which now benefits
from the larger effective batch size.

This technique enables training with effective batch sizes of 1024 or larger
on a single GPU, compared to typical limits of 8-32 for standard training. The
trade-off is increased training time due to the multiple forward passes, but our
experiments demonstrate that the improved representation quality from larger
effective batches more than compensates for this overhead. Specifically, moving
from standard MNR (batch size 10) to Cached-MNR (effective batch size 1024)
yields consistent improvements of 2-3 percentage points across retrieval metrics,
validating the importance of negative diversity for domain adaptation. Among the
embedding models evaluated in Section 3.2.1, we selected multilingual-E5-base
as the foundation for domain adaptation. This choice is motivated by several
considerations that emerged from our benchmarking analysis.

First, the ES model family employs prefix-based input formatting, using dis-
tinct prefixes (query: and passage:) to explicitly encode the asymmetric
nature of the query-document relationship. This design choice reduces distribu-
tional mismatch between training and inference, as the model learns to produce
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appropriate representations based on the input role. During fine-tuning and infer-
ence, all queries are prefixed with query: and all passages with passage:,
ensuring consistent behavior across the training and deployment phases.

Second, multilingual-ES-base offers a favorable balance between model capa-
city and computational efficiency. With 278 million parameters and a maximum
sequence length of 512 tokens, the model is large enough to capture complex se-
mantic relationships while remaining tractable for fine-tuning on modest hardware.
Our benchmarking results showed that simply scaling model size (e.g., moving
from E5-base to E5-large) does not address domain-specific performance gaps,
suggesting that targeted adaptation is more effective than increased capacity.

Third, the model’s multilingual pre-training on diverse corpora covering over
100 languages makes it particularly well-suited for domains with multilingual
content. ESG reporting, our primary evaluation domain, involves documents
in multiple languages (67% English, 33% Italian in our corpus) that must be
processed consistently. Starting from a multilingual foundation enables the fine-
tuned model to maintain cross-lingual capabilities while adapting to domain-
specific semantics.

Synthetic Data Generation for Training

A fundamental challenge in domain-adaptive fine-tuning is the scarcity of labeled
training data. Creating high-quality query-passage pairs for contrastive training
requires domain expertise to formulate realistic queries and identify relevant
passages—a process that is both time-consuming and expensive. This bottleneck
is particularly acute in specialized domains where annotators must possess both
linguistic skills and domain knowledge, a combination that is often scarce.

To address this limitation, we developed a scalable synthetic data generation
pipeline that leverages large language models (LLMs) to automatically generate
high-quality training pairs from unlabeled domain corpora. The key insight is
that modern LLMs, when properly prompted, can generate realistic questions
that would be naturally answered by a given passage, effectively creating query-
passage pairs without human intervention. This approach, which builds on the
Generative Pseudo Labeling (GPL) paradigm [85], enables domain adaptation at
scale with no human-in-the-loop annotation.

The synthetic data generation pipeline operates in three stages: document
preprocessing and chunking, question generation using prompted LLMs, and
dataset construction with quality filtering. Each stage is designed to maximize the
quality and diversity of the resulting training data while maintaining computational
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efficiency.

The first stage of the pipeline transforms raw documents into semantically
coherent text chunks suitable for retrieval. This preprocessing step is critical
because the quality of chunk boundaries directly affects both training data quality
and retrieval effectiveness. Chunks that are too short may lack sufficient context
for meaningful retrieval, while chunks that are too long may contain multiple
distinct topics that confuse the retrieval model.

Raw documents, typically in PDF format, are first parsed to extract textual con-
tent while preserving structural information such as section boundaries, paragraph
breaks, and page numbers. For documents with complex layouts, we employ Doc-
ument Layout Analysis techniques to identify logical reading order and segment
visual elements (tables, figures, headers) from body text. This structural awareness
is particularly important for specialized domains where documents often contain
heterogeneous content types.

The extracted text is then segmented into overlapping chunks using a sliding
window approach. Let D = (sq, S, ..., Sm) denote a document represented as
a sequence of sentences. We define a chunk c as a contiguous subsequence of
sentences:

Ciw = (805 841,y Sitw—1) (3.12)

where ¢ is the starting position and w is the window size (number of sentences).
To preserve semantic continuity across chunk boundaries, we apply overlap by
setting the stride § < w, producing chunks:

C(D) = {c1,ws C146,w, C1426,w5 - - -} (3.13)

The overlap ensures that information spanning chunk boundaries is captured in
at least one chunk, reducing the risk of fragmenting relevant content. In practice,
we found that a window size of approximately 3-5 sentences with 50% overlap
provides a good balance between context preservation and retrieval granularity.

After segmentation, chunks are filtered based on character length to remove
edge cases. Chunks shorter than 150 characters typically lack sufficient content for
meaningful retrieval and may generate low-quality synthetic questions. Chunks
longer than 2,048 characters may exceed the context window of the question
generation model and often contain multiple distinct topics. The filtered chunks
are deduplicated using SHA-256 hashing to remove exact duplicates that arise
from overlapping windows or repeated content across documents. The core of the
synthetic data generation pipeline is the use of large language models to generate
questions for each document chunk. For each chunk ¢;, we prompt an LLM to
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generate a question ¢; such that ¢; can be answered directly and explicitly by the
information contained in ¢;. This framing ensures that the generated question-
chunk pairs represent valid positive examples for contrastive training.

The question generation process employs few-shot in-context learning, where
the LLM is provided with a small number of high-quality example question-chunk
pairs from the target domain before generating questions for new chunks. This
approach enables the model to learn the appropriate style, complexity, and domain-
specific terminology without explicit fine-tuning. The few-shot examples are
carefully curated to represent the diversity of question types and topics expected
in the domain.

The generation prompt is structured as follows:

1. Task instruction: A clear description of the task, specifying that the model
should generate a question that can be answered using only the information
in the provided passage.

2. Few-shot examples: 3-5 high-quality question-passage pairs from the target
domain, demonstrating the expected output format and quality.

3. Target chunk: The document chunk for which a question should be gener-
ated.

4. Generation prompt: A prompt requesting the model to generate a question
following the pattern of the examples.

The quality of synthetic questions depends critically on prompt design. Ef-
fective prompts instruct the model to generate questions that require information
contained within the chunk to answer (ensuring relevance), reflect the types of
queries domain users would naturally formulate (ensuring realism), vary in com-
plexity and specificity to provide diverse training signals (ensuring diversity), and
preserve domain-specific terminology and concepts (ensuring domain alignment).

We support both commercial API-based models (such as GPT-4) and open-
source alternatives (such as LLaMA 3.1 8B) for question generation. The choice
depends on deployment constraints: commercial APIs offer higher quality but
raise data governance concerns for sensitive domains, while open-source models
can be deployed locally under full data control. Our experiments indicate that both
approaches produce effective training data, with commercial models providing
marginal quality improvements that may not justify the additional cost and privacy
considerations for many applications.
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The synthetic data generation process is distributed across multiple workers to
support large-scale generation. Each worker independently processes a subset of
chunks, generating questions and storing results in a distributed database. This
parallelization enables processing of millions of chunks within practical time
frames, making the approach scalable to enterprise-scale document collections.
The raw synthetic data undergoes several filtering and organization steps to produce
the final training dataset. Each generated (g;, cj‘ ) pair is treated as a potential
training instance, but not all generated pairs are equally useful for training.

Quality filtering removes low-quality examples that could introduce noise into
training. We apply several heuristics to identify problematic pairs: questions that
are too short (fewer than 5 words) or too long (more than 50 words) are removed,
as they often represent degenerate outputs. Questions that simply quote text from
the chunk verbatim are filtered, as they do not represent realistic user queries.
Questions containing generation artifacts (such as repeated phrases or formatting
errors) are excluded.

To prevent data leakage and ensure robust evaluation, we partition the dataset
such that all pairs derived from a given source document are allocated to either
the training split or the development split, but never both. This document-level
splitting strategy prevents the model from learning document-specific patterns
(such as writing style or structural conventions) that would artificially inflate
development set performance but not generalize to new documents.

The final dataset is organized into training (synth-train, typically 80%
of documents) and development (synth-dev, 20% of documents) splits. The
development split is used for hyperparameter tuning and checkpoint selection
during training, providing an unbiased estimate of generalization performance.

Domain-Specific Model Training

The domain adaptation framework implements a modular, scalable architecture
designed for both experimental flexibility and production deployment. The overall
system is decomposed into three primary pipelines: (i) synthetic data genera-
tion and model training, (ii) offline evaluation on held-out benchmarks, and (iii)
real-time inference for production deployment. Each pipeline is designed as an
independent subsystem that can be developed, tested, and scaled independently.
The training pipeline converts the synthetic dataset into a fine-tuned bi-encoder
model optimized for the target domain. The pipeline implements the following
workflow:

1. Data loading: The synthetic training pairs are loaded from the database
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and organized into batches. Each batch contains query-passage pairs with
minimal overlap in source documents to maximize negative diversity.

2. Model initialization: The bi-encoder is initialized from pre-trained weights,
typically multilingual-E5-base. All model parameters are trainable, enabling
full adaptation to the target domain.

3. Training loop: For each batch, we compute embeddings for all queries
and passages, calculate the MNR loss, and update model parameters via
backpropagation. When using Cached Contrastive Learning, multiple sub-
batches are accumulated before the backward pass.

4. Checkpoint selection: Model checkpoints are saved periodically and evalu-
ated on the development split. The checkpoint with the best performance on
the target metric (typically MRR@5) is selected for deployment.

The training configuration is optimized through extensive hyperparameter
search. We use the AdamW optimizer [50] with a learning rate of 1 x 107>
and momentum parameters 5 = (0.9,0.999). The softmax temperature is set
to 7 = 0.05, which we found to provide effective gradient signal without over-
emphasizing the hardest negatives.

Learning rate scheduling employs a linear warmup followed by linear decay.
The warmup phase gradually increases the learning rate from zero to the target
value over a specified fraction of training steps, preventing large gradient updates
early in training that could destabilize the pre-trained representations. We exper-
imented with warmup ratios of 0.1 and 0.9, finding that larger warmup phases
(0.9) yield slightly better final performance, suggesting that gradual adaptation is
preferable to aggressive early updates.

For standard MNR training with batch size 10, we train for 20,000 steps, which
corresponds to multiple passes through the synthetic dataset. For Cached-MNR
training with effective batch size 1024, we train for only 250 steps due to the
increased computational cost per step, but achieve comparable or superior per-
formance due to the improved gradient estimates from larger batches. Following
the conventions of the E5 model family, all inputs are prefixed with role-specific
tokens during training. Queries are prefixed with query: and passages with
passage :, ensuring that the model learns role-appropriate representations that
generalize correctly at inference time. The evaluation pipeline rigorously assesses
the effectiveness of the fine-tuned retriever on held-out benchmark datasets that
were not used during training or checkpoint selection. This evaluation provides an

Improving RAG Pipelines for Question Answering over Documents

41



CHAPTER 3. INFORMATION RETRIEVAL FOR RAG SYSTEMS

unbiased estimate of the model’s generalization performance on realistic retrieval
tasks. Documents in the evaluation benchmark are processed using the same
preprocessing pipeline employed during training to ensure consistency in chunk
extraction. This consistency is critical: differences in chunking between training
and evaluation could confound the assessment of model quality with artifacts of
preprocessing variation. For each test query ¢, the trained bi-encoder encodes ¢
into a dense embedding. This query embedding is compared against the embed-
dings of all chunks in the evaluation corpus using cosine similarity. The top-k most
similar chunks are retrieved as predictions, where k is a parameter chosen based
on the downstream application requirements. Performance is measured using the
standard IR metrics introduced in Section 3.1.5: NDCG@k, MAP@EK, Recall @k,
Precision@Fk, and MRR@¥k. Following the evaluation standards of MTEB and
MMTEB benchmarks [53], we set £ = 5 to focus on top-ranked results, which
aligns with typical user behavior in interactive retrieval scenarios where users
examine only the first few results. The combined use of these metrics provides
a comprehensive view of retrieval quality: Recall captures coverage, Precision
captures accuracy, MRR captures early ranking quality, and NDCG provides a uni-
fied measure that balances relevance and position. The inference pipeline enables
real-time, low-latency semantic search over document collections in production
settings. This component is designed to support interactive user queries in prac-
tical applications such as compliance auditing, sustainability analysis, corporate
research workflows, and question answering systems. In the preprocessing phase,
newly ingested documents are processed through the same ETL pipeline employed
during training and evaluation. Each document is segmented into overlapping
textual chunks using identical parameters (window size, overlap, length filtering)
to ensure consistency with the trained model’s expectations. These chunks are
encoded into dense vector representations using the fine-tuned bi-encoder, pro-
ducing 768-dimensional embeddings for each chunk. The resulting embeddings
are stored in a dedicated vector database optimized for efficient nearest-neighbor
retrieval at scale. We employ production-grade vector databases such as Milvus,
Pinecone, or Weaviate that support approximate nearest neighbor search using
algorithms like HNSW. These systems provide sub-millisecond query latency even
over millions of vectors, satisfying the responsiveness requirements of interactive
applications. At inference time, users submit free-form natural language queries,
which are prefixed with query: and encoded into dense embeddings using the
same bi-encoder. The query embedding is used to perform approximate simil-
arity search against the precomputed chunk embeddings in the vector database.
The system retrieves the top-k chunks with the highest cosine similarity to the
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query vector, returning them as candidate passages for downstream processing
(such as answer generation in a RAG pipeline). This architecture supports several
operational requirements critical for production deployment. High throughput
is achieved because query encoding and similarity search are computationally
efficient operations that can handle thousands of queries per second. Continuous
ingestion is supported because new documents can be added to the index without
retraining, as the encoding function is fixed after fine-tuning. Horizontal scaling is
enabled because the vector database can be distributed across multiple nodes for
larger corpora. Finally, low latency is maintained because approximate nearest
neighbor search provides sub-millisecond retrieval even at scale.

Experimental Validation

To validate the effectiveness of domain-specific fine-tuning, we conducted com-
prehensive experiments on an ESG (Environmental, Social, and Governance)
document retrieval task. The ESG domain was selected as a representative case
study because it exemplifies the challenges that motivate domain adaptation: com-
plex heterogeneous documents with specialized terminology, multilingual content,
and scarcity of labeled training data. The training corpus comprised 1,427 ESG-
related documents sourced from publicly available corporate sustainability reports,
regulatory filings, and industry publications. The corpus exhibits linguistic di-
versity, with 67% of documents written in English and 33% in Italian, reflecting the
multilingual nature of ESG reporting in European markets. Document processing
using the chunking pipeline described in Section 3.2.2 yielded approximately 2.9
million textual chunks. Deduplication using SHA-256 hashing reduced this to
1.5 million unique chunks, removing exact duplicates that arose from overlapping
windows and repeated boilerplate content across documents. Length filtering, re-
taining only chunks between 150 and 2,048 characters, produced a refined corpus
of approximately 410,000 chunks suitable for synthetic question generation. For
controlled experimentation and computational tractability, we randomly sampled a
subset of approximately 30,000 chunks from this filtered pool. Statistical analysis
of the sampled subset revealed an average character length of 637.9, a mean word
count of 108.5, and an average of 3.7 sentences per chunk. These statistics indicate
that chunks contain sufficient context for meaningful retrieval while remaining
within the model’s effective context window. Synthetic question generation using
LLaMA 3.1 8B produced 95,697 question-chunk pairs. Document-level splitting
allocated pairs to training (80%) and development (20%) splits, ensuring that no
document appears in both splits. Analysis of the synthetic dataset revealed 94,539
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unique queries, indicating high lexical and semantic diversity with minimal duplic-
ation. The query-chunk alignment is nearly bijective, with each query linked to
an average of 1.012 relevant chunks, reflecting a well-defined relevance structure
suitable for contrastive training. Model performance is evaluated on a proprietary
benchmark dataset, which we denote esg-test, that was manually annotated
by domain experts independently of the synthetic data generation process. This
separation ensures that evaluation measures genuine generalization rather than
overfitting to artifacts of the synthetic data generation. The esg-test bench-
mark comprises 27 ESG-related documents from organizations not represented
in the training corpus, segmented into a total of 20,662 text chunks using the
same preprocessing pipeline. Relevance annotations were produced with respect
to a curated set of 37 test queries designed to reflect realistic information needs
in ESG analysis, covering topics such as carbon emissions, workforce diversity,
governance structures, and regulatory compliance. Domain experts reviewed
the corpus and identified 445 chunks as relevant to at least one test query. The
dataset exhibits high diversity, with each document contributing an average of
23.4 relevant chunks, reflecting the complexity and topical breadth typical of ESG
reporting. This relatively sparse relevance structure (approximately 2% of chunks
are relevant to any given query) represents a challenging retrieval scenario that
tests the model’s ability to discriminate between relevant and irrelevant content. To
contextualize the contribution of domain-specific fine-tuning, we compare against
both proprietary and open-source baseline models evaluated in Section 3.2.1.
These baselines represent the current state of the art in text embedding and provide
a reference for assessing the value added by domain adaptation. Among pro-
prietary baselines, we evaluate three models from OpenAl’s embedding family:
text-embedding-ada-002, text-embedding-3-large, and text-embedding-3-small.
Among open-source baselines, we include GTE-base (305M parameters), BGE-
m3 (567M parameters), and the multilingual-ES family at three scales: ES-small
(118M), E5-base (278M), and E5-large (560M). This selection enables analysis
of both cross-vendor performance and scaling effects within model families. All
baseline models are evaluated in a zero-shot setting without any domain-specific
fine-tuning, representing the out-of-the-box performance that practitioners would
observe when deploying these models on ESG retrieval tasks. This comparison
directly tests our hypothesis that targeted domain adaptation can outperform both
larger models and proprietary systems. We train four variants of the fine-tuned
model to analyze the effects of training configuration choices:

* MNR with warmup ratio 0.1: Standard MNR loss with minimal learning
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rate warmup (10% of training steps).

* MNR with warmup ratio 0.9: Standard MNR loss with extended warmup
(90% of training steps).

¢ Cached-MNR with warmup ratio 0.1: Cached contrastive loss (effective
batch size 1024) with minimal warmup.

* Cached-MNR with warmup ratio 0.9: Cached contrastive loss with exten-
ded warmup.

All fine-tuned models are initialized from multilingual-E5-base (278M para-
meters) and trained on the synthetic dataset described above. This controlled
comparison isolates the effects of loss function and learning rate schedule while
holding model architecture and training data constant. Table 3.6 presents a com-
prehensive comparison of fine-tuned models against baselines across multiple
retrieval metrics on the esg-test benchmark.

Table 3.6: Performance comparison on the ESG retrieval benchmark. Fine-tuned
models are initialized from multilingual-E5-base (278M parameters). WR denotes
warmup ratio. Bold values indicate best performance for each metric.

Model Params NDCG@5 MAP@5 Recall@5 Prec@5 MRR@5
Fine-tuned models

Cached-MNR, WR=0.9 278M 0.498 0.444 0.631 0.142 0.471
Cached-MNR, WR=0.1 278M 0.487 0.429 0.633 0.142 0.456
MNR, WR=0.9 278M 0.470 0.420 0.594 0.133 0.446
MNR, WR=0.1 278M 0.454 0.400 0.588 0.133 0.424
Proprietary baselines

OpenAl-Ada-002 — 0.458 0.395 0.611 0.138 0.429
OpenAI-TE3-Large — 0.446 0.384 0.598 0.135 0.414
OpenAI-TE3-Small — 0414 0.351 0.571 0.130 0.378
Open-source baselines

BGE-m3 567M 0.455 0.400 0.596 0.133 0.419
GTE-base 305M 0414 0.359 0.555 0.127 0.381
multi-ES-Large 560M 0.383 0.330 0.512 0.115 0.356
multi-E5-Base 278M 0.385 0.327 0.532 0.121 0.351
multi-ES-Small 118M 0.340 0.290 0.468 0.106 0.309
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The experimental results reveal several important findings that have both
theoretical and practical implications for domain-adaptive retrieval.

Synthetic supervision enables effective domain adaptation. The best fine-tuned
model (Cached-MNR with WR=0.9) achieves an NDCG @5 of 0.498, represent-
ing a +4.0 percentage point absolute improvement over the strongest proprietary
baseline (OpenAl-Ada-002 at 0.458). This improvement is statistically significant
and practically meaningful, corresponding to substantially better ranking of relev-
ant documents. The fine-tuned model also outperforms all open-source baselines
by even larger margins, with improvements exceeding 10 percentage points over
the unfine-tuned E5-base model from which it was initialized.

These results demonstrate that targeted domain adaptation through synthetic
data generation can yield specialized models that generalize effectively within
structured document corpora. The synthetic supervision approach successfully
captures domain-specific semantics without requiring any manual annotation,
validating the scalability of the methodology.

Domain adaptation outperforms model scaling. A particularly striking finding
is that the fine-tuned 278M parameter model outperforms substantially larger
baselines. BGE-m3 (567M parameters) achieves only 0.455 NDCG@5, while
multi-E5-Large (560M parameters) achieves 0.383—both substantially below the
fine-tuned model’s 0.498 despite having roughly twice the parameters.

This observation suggests that performance gains in domain-specific retrieval
stem primarily from alignment with domain semantics rather than raw model
capacity. Simply scaling model size without domain adaptation yields diminishing
returns, while targeted fine-tuning on domain-relevant data produces substantial
improvements even with modest model sizes. This finding has important practical
implications: organizations can achieve state-of-the-art domain-specific retrieval
without the computational costs associated with deploying very large models.

Training dynamics affect performance. The comparison across fine-tuned
variants reveals consistent patterns in training configuration effects. Models
trained with Cached-MNR consistently outperform those using standard MNR,
with improvements of 2-3 percentage points across metrics. This confirms that the
larger effective batch sizes enabled by gradient caching produce better gradient
estimates and more robust representations.

The warmup ratio also influences final performance, with extended warmup
(WR=0.9) yielding slightly better results than minimal warmup (WR=0.1). This
suggests that gradual adaptation from pre-trained weights is preferable to aggress-
ive early updates, allowing the model to preserve useful general representations
while adapting to domain-specific patterns.
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Environmental efficiency. Beyond performance metrics, the fine-tuning ap-
proach demonstrates favorable computational and environmental characteristics.
Training the best model (Cached-MNR, WR=0.9) required approximately 0.256
kg CO2-equivalent emissions, estimated from energy consumption using standard
conversion factors. This is orders of magnitude lower than pre-training a model
from scratch, demonstrating that effective domain adaptation can be achieved
through efficient fine-tuning of existing foundational models.

Model Lifecycle Management

Deploying domain-adapted embedding models in production environments re-
quires robust model lifecycle management practices that ensure reliability, re-
producibility, and continuous improvement. The transition from experimental
fine-tuning to production deployment introduces operational challenges that must
be addressed through systematic engineering practices. All model artifacts are
versioned and tracked using MLflow, an open-source platform for managing the
machine learning lifecycle. Each training run generates a unique experiment
identifier that is linked to the complete specification of the run: dataset version
(identified by content hash), hyperparameter configuration, random seed, hardware
environment, and software dependencies. This comprehensive tracking ensures
that any experimental result can be reproduced exactly, which is essential for
debugging, auditing, and regulatory compliance. Model registries maintain the
lineage of deployed models, recording the relationship between production models
and their training artifacts. When a new model version is deployed, the registry re-
cords which training run produced it, what evaluation metrics it achieved, and who
approved the deployment. This audit trail enables rollback to previous versions
if performance regressions are detected in production, and supports compliance
with governance requirements in regulated industries. The deployment pipeline
implements continuous integration practices adapted for machine learning sys-
tems. Before any model can be considered for deployment, it must pass a suite of
automated checks. Unit tests verify that the model produces embeddings of the
expected dimension and that similarity scores fall within valid ranges. Integration
tests confirm that the model integrates correctly with the inference pipeline, includ-
ing preprocessing, encoding, and vector database operations. Performance tests
evaluate the model on held-out benchmarks and compare against the currently
deployed model and historical baselines. Deployment gates enforce minimum per-
formance thresholds: a new model must exceed the current production model on
primary metrics (NDCG@5, MRR@5) by a statistically significant margin before
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approval. These gates prevent regression by ensuring that each deployed model
represents a genuine improvement over its predecessor. New models are deployed
using gradual rollout strategies that limit exposure while gathering production
metrics. Initially, a small percentage of traffic (typically 5-10%) is routed to the
new model while the remainder continues to use the incumbent. Key perform-
ance indicators are monitored, including retrieval latency (to detect computational
regressions), user engagement metrics (such as click-through rates on retrieved
documents), and downstream task performance (such as answer quality in RAG
applications). Statistical hypothesis testing determines when a new model variant
can safely replace the incumbent. We use sequential analysis methods that enable
early stopping when the evidence for improvement (or regression) becomes con-
clusive, minimizing the duration of suboptimal user experience while maintaining
statistical rigor.

Continuous Learning from User Feedback

Production deployment generates valuable feedback signals that can be leveraged
to improve model performance over time. We implement a continuous learning
framework that collects, curates, and incorporates user feedback into the model
training pipeline, creating a virtuous cycle of improvement. User interactions with
the retrieval system provide implicit signals about result quality without requiring
explicit annotation effort. Several interaction patterns are informative:

Click-through behavior indicates which retrieved documents users find relevant.
Documents that receive clicks from multiple users for similar queries are likely
relevant, while documents that are consistently skipped may be false positives.
However, click data must be interpreted carefully due to position bias: users are
more likely to click on higher-ranked results regardless of relevance.

Dwell time on retrieved documents provides a signal of document utility.
Documents where users spend substantial time are likely providing value, while
documents that are quickly abandoned may be irrelevant or low-quality. Long
dwell times followed by successful task completion (such as submitting an answer
based on the document) are particularly strong positive signals. Query reformu-
lation patterns indicate retrieval failures. When users submit a query, receive
results, and then submit a modified query on the same topic, this suggests that
the initial results did not satisfy their information need. The relationship between
original and reformulated queries can reveal semantic gaps in the retrieval model’s
understanding. When available, explicit relevance judgments from domain experts
provide high-quality training signals that complement implicit feedback. The
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framework supports annotation interfaces that enable experts to label retrieved
chunks as relevant, partially relevant, or irrelevant with respect to specific queries.
These annotations are integrated into the training pipeline using a hybrid approach
that combines expert labels with synthetic data. The loss function is modified to
weight expert-annotated pairs more heavily than synthetic pairs, reflecting their
higher reliability:

Lhybrid = /\Lexpert + (1 - )\)‘Csynthetic (314)

where A controls the relative weight of expert annotations. In practice, we find
that even small amounts of expert annotation (A = 0.1 to 0.2) can meaningfully
improve performance, particularly for challenging queries where synthetic su-
pervision may be noisy. To maximize the value of limited expert annotation
budget, the framework implements active learning strategies that select the most
informative examples for human review. Rather than annotating random samples,
active learning prioritizes examples where annotation would most improve model
performance. Uncertainty sampling identifies query-chunk pairs where the model
exhibits high prediction uncertainty—cases where the model assigns similar scores
to the top candidates rather than confidently ranking one above the others. These
uncertain cases often represent the boundary between relevant and irrelevant con-
tent, where human judgment can provide the most informative signal. Diversity
sampling ensures that selected examples cover the breadth of the domain rather
than concentrating on a narrow subset of topics or document types. By maintaining
diversity in the annotation queue, we ensure that model improvements generalize
across the full range of retrieval scenarios. The combination of uncertainty and
diversity sampling achieves greater model improvement per annotation than ran-
dom sampling, enabling effective adaptation even with limited expert availability.
The continuous learning pipeline supports periodic model retraining that incorpor-
ates newly collected feedback. Retraining can be triggered by several conditions:
scheduled intervals (such as weekly or monthly), accumulated feedback volume
exceeding a threshold, or detected performance degradation in production metrics.
Each retraining cycle produces a new model candidate that undergoes the standard
evaluation and deployment workflow described in Section 3.2.2. This ensures
that feedback-driven updates maintain or improve retrieval quality, preventing
degradation from noisy feedback signals. The integration of domain-adaptive fine-
tuning with continuous learning creates a self-improving system where production
deployments generate training signals that enable progressive model improvement.
This framework has proven essential for maintaining retrieval quality as document
collections evolve and user information needs shift.
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Chapter 4

Question Answering and
Large Language Models

4.1 State of the Art

Question Answering (QA) represents one of the core capabilities of modern Nat-
ural Language Processing systems, enabling users to extract precise information
from large collections of documents using natural language queries. This function-
ality has undergone a fundamental transformation over the past decade, evolving
from extractive approaches that identify answer spans within source documents
to generative systems capable of synthesizing comprehensive responses from
multiple sources. This section reviews the evolution of QA systems, examines
the emergence of prompting techniques and in-context learning as alternatives to
traditional fine-tuning, and discusses the trade-offs between these paradigms in
practical applications.

4.1.1 Evolution of QA: From Extractive to Generative

Traditional QA systems followed an extractive paradigm, where the task was
formulated as identifying specific spans of text within a given passage that directly
answer a query. This approach was popularized by benchmark datasets such
as SQuAD (Stanford Question Answering Dataset) [71], which comprises over
100,000 question-answer pairs derived from Wikipedia passages. A subsequent
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release, SQUAD 2.0 [70], introduced an additional 50,000 unanswerable questions
designed to evaluate systems’ ability to identify when no answer exists in the
given passage. The introduction of BERT (Bidirectional Encoder Representations
from Transformers) [16] revolutionized extractive QA by enabling bidirectional
pre-training through masked language modeling (MLM), allowing models to sim-
ultaneously consider context from both directions and produce richer contextual
representations. The extractive paradigm proved particularly effective for reading
comprehension tasks where answers are explicitly stated within the source text.
BERT and its variants including RoBERTa [49], which optimized the pre-training
procedure, and ALBERT [39], which introduced parameter-sharing techniques
for efficiency achieved remarkable performance on extractive benchmarks. These
models were typically fine-tuned on specific QA datasets by adding a classification
layer to predict the logits corresponding to the start and end positions of the answer
span within the input passage. However, extractive QA presents inherent limita-
tions. First, it relies on the strict assumption that the answer exists as a contiguous
span within the provided context a condition often violated by complex questions
requiring synthesis or multi-hop inference. Second, when dealing with multiple
documents or long passages, extractive systems struggle to aggregate information
from disparate sources. Third, the output is constrained to exact textual reproduc-
tion, limiting the system’s ability to paraphrase, summarize, or adapt the response
tone to the user’s needs. The emergence of large-scale generative language models
fundamentally shifted the QA paradigm. The GPT series, beginning with GPT [67]
and evolving through GPT-2 [68], GPT-3 [7], and GPT-4 [1], demonstrated that
decoder-only architectures trained autoregressively on massive corpora could per-
form QA without explicit fine-tuning. GPT-3’s 175 billion parameters showcased
remarkable few-shot learning capabilities, enabling the model to perform tasks
by conditioning on just a few examples provided in the prompt. Generative QA
systems offer several advantages over their extractive counterparts. They can
synthesize information from multiple sources, produce natural-sounding responses
that may not appear verbatim in the source text, and handle questions that require
reasoning, inference, or world knowledge beyond the provided context. More
recent generative models like GPT-3 and GPT-4 and also open weights models
like Llama [83] have further advanced generative QA with instruction tuning
that increase the ability of those model to follow user instructions. Nevertheless,
generative models introduce new challenges, most notably the phenomenon of
hallucination generating plausible but factually incorrect responses. This limita-
tion has motivated the development of Retrieval-Augmented Generation (RAG)
systems [42], which combine retrieval mechanisms with generative models to
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ground responses in retrieved evidence and to allow the generative models the
access to updated and domain specific knowledge.

4.1.2 Prompting Techniques and In-Context Learning

The advent of large language models has given rise to a new paradigm for adapting
pre-trained models to specific tasks: prompting. Rather than updating model
weights through gradient descent on task-specific datasets, prompting leverages the
model’s pre-existing capabilities by conditioning generation on carefully crafted
input text. This approach, particularly when combined with in-context learning,
has proven remarkably effective for a wide range of NLP tasks, including question
answering.

Zero-shot prompting represents the simplest form of this paradigm, where the
model is provided with a task description and expected to perform without any ex-
amples. For instance, a QA prompt might instruct: “Answer the following question
based on the provided context.” While zero-shot performance varies significantly
across tasks, larger models generally exhibit stronger zero-shot capabilities due to
the breadth of knowledge encoded during pre-training [90].

Few-shot prompting extends this approach by including a small number
of demonstration examples in the prompt. Brown et al. [7] showed that GPT-
3’s performance on various benchmarks improved substantially when provided
with just a few examples, a phenomenon termed in-context learning. The model
appears to infer the task structure and output format from these demonstrations
without any parameter updates. This capability has profound implications for
practical applications, as it enables rapid task adaptation without the computational
overhead of fine-tuning.

Chain-of-Thought (CoT) prompting [91] represents a significant advance
for tasks requiring reasoning. Rather than directly outputting an answer, CoT
prompting encourages the model to generate intermediate reasoning steps before
arriving at the final response. For example, in a multi-step arithmetic or logical
reasoning task, the model is prompted to “think step by step,” decomposing the
problem into manageable sub-problems. This approach has demonstrated substan-
tial improvements on complex QA tasks, particularly those involving numerical
reasoning or multi-hop inference. Notably, CoT reasoning has been observed
as an emergent capability that scales with model size, typically becoming ef-
fective in models exceeding 10 billion parameters [90]. Subsequent work has
introduced variations such as zero-shot CoT [37] and self-consistency [89]. The
effectiveness of prompting depends critically on prompt design often referred

Improving RAG Pipelines for Question Answering over Documents

53



CHAPTER 4. QUESTION ANSWERING AND LARGE LANGUAGE MODELS

to as prompt engineering. Key considerations include the clarity and specificity
of instructions, the selection and ordering of few-shot examples, the format of
expected outputs, and the inclusion of constraints or guardrails. Research has
shown that seemingly minor variations in prompt wording can lead to significant
performance differences [103], highlighting the importance of systematic prompt
optimization. For QA applications, effective prompts typically include: (1) a clear
role definition for the model (e.g., ““You are a Question Answering system”); (2)
explicit instructions about the task and expected output format; (3) the context
or retrieved passages from which the answer should be derived; (4) the user’s
question; and (5) optional constraints such as response length or behavior when
the answer cannot be determined from the context. Template engineering the
systematic design and optimization of prompt templates has emerged as a crucial
skill for deploying LLM-based QA systems in production. Instruction tuning has
further enhanced the prompting capabilities of LLMs. Models such as Instruct-
GPT [61], Flan-T5 [13], and the instruction-tuned variants of Llama are fine-tuned
on diverse instruction-following datasets, making them more responsive to natural
language instructions. This training paradigm bridges the gap between prompting
and fine-tuning, producing models that are simultaneously general-purpose and
instruction-following.

4.1.3 Fine-tuning vs Prompting

The choice between fine-tuning and prompting represents a fundamental decision
in deploying LLMs for QA applications. Each approach offers distinct advantages
and trade-offs that must be considered in the context of specific use cases, available
resources, and performance requirements.

Fine-tuning involves updating some or all of a pre-trained model’s parameters
on a task-specific dataset. This approach typically yields the highest task per-
formance, as the model’s representations are explicitly optimized for the target
domain and task. Fine-tuning is particularly advantageous when: (1) substan-
tial labeled training data is available; (2) the target domain differs significantly
from the pre-training corpus; (3) consistent, highly optimized performance is
required; and (4) computational resources for training are available. However,
full fine-tuning of large models presents significant challenges. Training models
with billions of parameters requires substantial GPU memory and compute time.
Additionally, fine-tuned models may exhibit catastrophic forgetting [36], losing
general capabilities as they specialize for the target task. Storage and deployment
costs also increase when maintaining multiple fine-tuned variants for different
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tasks or domains.

Parameter-Efficient Fine-Tuning (PEFT) methods address these challenges
by updating only a small subset of model parameters while keeping the majority
frozen. Parameter-Efficient Fine-Tuning (PEFT) methods enable adaptation of
large language models with minimal computational overhead.

Low-Rank Adaptation (LoRA) approximates weight updates using low-rank
matrix decomposition. For a pre-trained weight matrix W, € R%** LoRA
parameterizes the update as:

W =Wy+ AW =Wy + BA “.1)

where B € R?*" and A € R™*¥, with rank 7 < min(d, k). During inference,
the forward pass becomes:

h=Wor+ 2 BAz 42)
T
where « is a scaling factor that controls the magnitude of the low-rank update.

Quantized LoRA (QLoRA) combines 4-bit quantization with LoRA for
memory-efficient fine-tuning. The quantized weight WNF* uses NormalFloat4
quantization with double quantization:

WN¥ = doubleDequant(ci™2, 5Pt WWNM) 1 BA (4.3)

Other PEFT approaches include adapter layers [29] and BitFit [98].

Prompting, by contrast, offers immediate deployment without training, mak-
ing it ideal for rapid prototyping and scenarios where labeled data is scarce. The
same base model can be applied to multiple tasks simply by changing the prompt,
reducing infrastructure complexity. Prompting also preserves the model’s general
capabilities, as no parameters are modified. The limitations of prompting include
sensitivity to prompt design, the constraint of context window size, and poten-
tially lower peak performance compared to fine-tuned models on specialized tasks.
Crucially, regarding inference costs, prompting often necessitates larger context
windows (to include instructions and few-shot examples), which increases the
per-query cost compared to fine-tuned models that can often perform the same
task with minimal context instructions. Furthermore, prompting generally requires
larger base models (e.g., Llama-70B) to achieve the same reliability that a smaller
fine-tuned model (e.g., Llama-8B) might deliver. In practice, a hybrid approach
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often proves most effective. Instruction-tuned base models provide strong general
capabilities enhanced through prompting, while PEFT techniques enable targeted
adaptation for specific domains or tasks. The optimal strategy depends on the
specific requirements of the application, the availability of training data, and the
computational resources at hand. Table 4.1 summarizes the key trade-offs between
fine-tuning and prompting approaches for QA applications.

Table 4.1: Comparison of fine-tuning and prompting approaches for QA applica-
tions.

Aspect Fine-tuning Prompting
Training data required High None/Low
Computational cost (training) High None
Computational cost (inference) Low—Medium® Medium—High”
Task-specific performance Highest Good
Deployment flexibility Low High
Domain adaptation Excellent Limited
General capabilities May degrade Preserved
Time to deployment Days—Weeks  Minutes—Hours

* Inference cost varies by model size and context length usage.

4.1.4 Evaluation Metrics for Question Answering

Evaluating the quality of question answering systems presents unique challenges
that distinguish it from other NLP tasks. Unlike classification problems with
discrete labels, QA systems produce free-form textual responses where multiple
valid answers may exist for a single question. A correct answer can be expressed in
numerous ways—varying in length, specificity, and phrasing—making evaluation
inherently more complex than simple string matching. This section presents a
comprehensive taxonomy of evaluation metrics for QA systems, organized by
their underlying methodology and the aspects of answer quality they capture.

Syntactic Metrics

Syntactic metrics evaluate formal response aspects through lexical overlap between
generated and reference answers. While limited in their ability to capture semantic
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equivalence, these metrics remain widely used due to their simplicity, reproducib-
ility, and computational efficiency.

ROUGE. The Recall-Oriented Understudy for Gisting Evaluation (ROUGE) [47]
family of metrics was originally developed for summarization evaluation but has
been widely adopted for QA assessment. ROUGE measures n-gram overlap
between generated and reference texts, with several variants capturing different
aspects of textual similarity.

ROUGE-N computes n-gram recall between a candidate text and a reference:

ZS €{References} Z gram, €S Countmgich (gramn )

Z Sée{References} Z:gram71 es Count(gramn )

ROUGE-N = 4.4)

where Countyyen(gram,,) is the maximum number of n-grams co-occurring in
both candidate and reference texts.

ROUGE-L employs the Longest Common Subsequence (LCS) to capture
sentence-level structure similarity:

(A + B Rics Pres

ROUGE-L =
Rlcs + /BQ‘PICS

(4.5)

LCS(X,Y
where R;.s = % represents recall and Pj.; = represents

precision, with m and n being the lengths of the reference and candidate sequences
respectively. The underlying intuition is that longer shared subsequences indicate
greater similarity between texts.

The primary advantage of ROUGE metrics is their language independence and
ease of computation. However, they suffer from significant limitations: they do
not consider word semantics, treating synonyms as entirely different tokens, and
are sensitive to surface-level variations in word choice and sentence structure. A
semantically correct answer phrased differently from the reference may receive a
low ROUGE score.

LCS(X,Y)
n

F1 Score. The token-level F1 score measures the harmonic mean of precision
and recall based on word overlap between generated and reference answers:

Fl = 9 Precision - Recall

. 4.6
Precision + Recall (4.6)

where Precision is the fraction of tokens in the generated answer that appear
in the reference, and Recall is the fraction of reference tokens that appear in
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the generated answer. This metric is employed in prominent QA benchmarks
including SQuAD [71] and TriviaQA [33].

The F1 score effectively summarizes both precision and recall in a single metric
and handles class imbalance well. However, like ROUGE, it operates purely at the
lexical level and cannot capture semantic equivalence between differently-phrased
answers.

Semantic Metrics

Semantic metrics address the fundamental limitation of syntactic approaches
by evaluating meaning equivalence rather than surface-form similarity. These
metrics leverage neural language models to capture semantic relationships between
generated and reference answers.

BERTScore. BERTScore [101] computes semantic similarity using contextual
embeddings from pre-trained transformer models. Given a candidate sequence
& = (Z1,...,%&1) and a reference sequence © = (x1,...,x;), BERTScore first
obtains contextual embeddings for each token using BERT or similar models. The
recall component is computed as:

I%; 4.7

where x; and X; are the contextual embeddings of tokens z; and Z; respectively.
Precision and F1 variants are computed analogously.

BERTScore’s key advantage is its ability to recognize semantic equivalence
between lexically different expressions. For instance, it can identify that “the
capital of France” and “Paris” convey related meanings, unlike purely lexical
metrics. However, BERTScore is computationally more expensive than syntactic
metrics and its performance depends on the quality and domain coverage of the
underlying language model.

BEM Score. The BERT-based Evaluation Metric (BEM) [9] employs a BERT
model fine-tuned specifically for answer equivalence assessment. Unlike BERTScore,
which computes general semantic similarity, BEM is trained on the specific task
of determining whether two answers to a question are equivalent. The model
receives a question ¢, a candidate answer a., and a reference answer a, as input,
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and returns a score quantifying the probability that the candidate and reference
answers are equivalent:

BEM(q, a., a,) = P(equivalent|q, a., a,) (4.8)

Reference-Free Metrics

A fundamental challenge in evaluating QA systems is the scarcity of gold-standard
reference answers, particularly in domain-specific applications where expert an-
notation is expensive and time-consuming. Reference-free metrics address this
challenge by leveraging large language models to assess answer quality without
requiring ground-truth responses. These metrics have gained prominence with the
development of frameworks such as RAGAS [19] and TruLens.

Answer Relevance. Answer relevance measures whether the generated response
appropriately addresses the query. This metric assesses the semantic alignment
between the question asked and the answer provided, regardless of factual cor-
rectness. A common implementation generates hypothetical questions from the
answer and measures their similarity to the original query:

Answer Relevance =

k
> sim(q, ;) 4.9)
=1

T =

where ¢ is the original question, g; are k questions generated from the answer, and
sim(-, -) is a similarity function (typically cosine similarity of embeddings). High
answer relevance indicates that the response addresses what was asked, though it
does not guarantee factual accuracy.

Groundedness. Groundedness (also termed faithfulness) assesses the degree
to which the generated answer is supported by the provided context or source
documents. This metric is particularly critical for knowledge-intensive QA where
answers should be derived from retrieved evidence rather than the model’s para-
metric knowledge. Groundedness is typically computed by identifying claims in
the generated response and verifying whether each claim can be inferred from the
source context:

Csuppor
Groundedness = M (4.10)
|Ctolal|
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where Cupported 18 the set of claims in the response that are supported by the
context, and Cly, is the total number of claims.

Low groundedness scores indicate potential hallucination—the generation of
plausible but unsupported or fabricated information. This metric is essential for
applications requiring verifiable, trustworthy responses, such as legal, medical, or
financial QA systems.

Context Relevance. Context relevance evaluates whether retrieved passages (in
retrieval-augmented systems) are relevant for answering the given query. While
primarily an information retrieval metric, it provides important diagnostic inform-
ation for QA systems that rely on retrieved context:

|Srelevam| (4 1 1)

Context Relevance = ———
|Stotal|

where Sielevant 18 the set of sentences in the retrieved context deemed relevant to
the query, and Sy is the total number of sentences. This metric helps identify
whether QA failures stem from poor retrieval or poor generation.

4.2 Contributions

4.2.1 Benchmarking Chat Models for Question Answering

The proliferation of large language models has created a pressing need for sys-
tematic evaluation frameworks that can assess QA capabilities across different
dimensions. While the previous sections examined the theoretical foundations of
generative QA and the trade-offs between fine-tuning and prompting approaches,
practical deployment decisions require empirical evidence of how different models
perform on realistic QA tasks. To address this need, we conducted a compre-
hensive benchmarking study [60] that evaluates state-of-the-art LLMs on question
answering tasks, providing actionable insights for model selection in multilingual
applications.

Evaluation Methodology

Our evaluation framework was designed to assess LLM performance across mul-
tiple complementary dimensions, employing the metrics described in Section 4.1.4.
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The methodology spans syntactic, semantic, and reference-free evaluation ap-
proaches, enabling a comprehensive understanding of model behavior across
different quality dimensions. Models were evaluated in a context-augmented con-
figuration where relevant passages were provided alongside each question. This
setup reflects realistic deployment scenarios where QA systems have access to
source documents from which answers should be derived. For each query, the top
10 most relevant passages were retrieved using Cohere’s embed-multilingual-v3.0,
selected based on the embedding evaluation results presented in Section 3.2.1.
Documents were processed using 512-token chunks, providing sufficient context
while remaining within the effective attention span of all evaluated models. To
assess generalization capabilities across domains and languages, we employed a di-
verse set of evaluation datasets spanning general knowledge, specialized domains,
and cross-lingual configurations. Table 4.2 summarizes the datasets.

Table 4.2: Overview of datasets used for QA evaluation. The selection spans
general and specialized domains across English and Italian, including cross-lingual
configurations.

Dataset Domain Language Task Samples
SQuAD-en Open/General  English QA 150
SQuAD-it Open/General Italian QA 150
CovidQA Bio-Medical English QA 124
NarrativeQA-Books Narrative English RC 50
NarrativeQA-Movies Narrative English RC 50
NarrativeQA-Books-tran ~ Narrative Cross-lingual RC 50
NarrativeQA-Movies-tran ~ Narrative Cross-lingual RC 50

SQuAD (Stanford Question Answering Dataset) serves as our primary general-
domain benchmark. We used 150 parallel question-answer pairs from both the
English original and the Italian translation (SQuAD-it), enabling direct cross-
lingual comparison on equivalent content. The parallel nature of these datasets
isolates the effect of language on QA performance. CovidQA provides a special-
ized medical domain evaluation, containing 124 question-answer pairs derived
from 85 unique COVID-19 research articles. This dataset tests models’ ability
to handle technical vocabulary and domain-specific reasoning in a knowledge-
intensive context where precision is critical. NarrativeQA presents a challenging
reading comprehension task spanning books and movie scripts, requiring under-
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standing of extended narratives and complex queries. We evaluated on a balanced
subsample of 100 queries (50 from books, 50 from movie scripts). NarrativeQA-
Cross-Lingual was created by maintaining the original English documents while
translating the question-answer pairs into Italian. This configuration tests how well
models can bridge the language gap between source documents and queries—a
capability essential for multilingual information systems. Following the metric tax-
onomy presented in Section 4.1.4, we employed three complementary evaluation
approaches:

» Syntactic metrics: ROUGE-L and F1 score to measure lexical overlap with
reference answers.

* Semantic metrics: BERTScore and BEM to capture meaning equivalence
beyond surface-form similarity.

» Reference-free metrics: Answer relevance, context relevance, and groun-
dedness (implemented via TruLens with GPT-3.5-turbo) to assess quality
dimensions without gold-standard answers.

Human evaluation on a subset of responses validated the reliability of auto-
mated metrics, using a 5-point Likert scale assessed by three independent annotat-
ors with standardized training. Our evaluation encompasses four large language
models representing different points in the performance-efficiency spectrum. This
selection enables analysis of trade-offs between model capability, computational
requirements, and deployment constraints. Table 4.3 summarizes the evaluated
models.

Table 4.3: Large language models evaluated for QA tasks. The selection spans
from efficient open-source models to state-of-the-art proprietary systems.

Model Provider Type Parameters Context
GPT-40 OpenAl Proprietary >175B 128K
Llama 3.1 8B  Meta Open-source 8B 8K
Mistral-Nemo  MistralAI  Open-source  12B 128K
Gemma 2B Google Open-source  2.5B 128K

GPT-4o0 serves as the high-performance benchmark, representing the current
state of the art in proprietary LLMs. Its inclusion establishes an upper bound for
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expected performance while providing a reference point for evaluating open-source
alternatives.

Llama 3.1 8B balances strong performance with open-weight flexibility, en-
abling fine-tuning for specific applications. This model represents an attractive
option for deployments requiring both capability and customizability.

Mistral-Nemo was selected for its instruction-following reliability and reas-
onable computational demands. At 12 billion parameters, it occupies the middle
ground between efficiency and capability.

Gemma 2B represents the ultra-efficient end of the spectrum, enabling deploy-
ment in resource-constrained environments. Its inclusion allows assessment of
performance trade-offs when moving to significantly smaller models.

All models were evaluated in a zero-shot prompting configuration without
task-specific fine-tuning, reflecting practical scenarios where models must gen-
eralize to new domains without additional training. The rationale behind this
specific model selection is to comprehensively cover the spectrum of deployment
constraints typical of industrial Intelligent Document Processing applications.
GPT-4o is included to establish a theoretical upper bound for state-of-the-art
proprietary performance. Llama 3.1 8B and Mistral-Nemo were selected as they
represent the current ’sweet spot” for on-premise deployments, offering a critical
balance between high reasoning capabilities and data privacy requirements. Fi-
nally, Gemma 2B is included to test the lower bounds of hardware requirements,
simulating extreme resource-constrained environments (such as edge deployments)
where inference efficiency is the primary bottleneck.

Results and Analysis

Table 4.4 presents the syntactic metric results across all models and datasets.

Table 4.4: Syntactic evaluation results (ROUGE-L / F1) for QA tasks across
different domains and languages.

Model SQuAD-en SQuAD-it CovidQA NarrativeQA

GPT-40 0.26/0.25 0.21/0.18 0.21/0.13 0.15/0.12
Llama3.18B 0.72/0.69 0.57/0.54 0.22/0.15 0.13/0.11
Mistral-Nemo  0.43/0.41 0.27/0.25 0.27/0.17 0.27/0.23
Gemma 2B 0.40/0.39 — 0.24/0.16 0.16/0.12

The syntactic evaluation reveals notable performance variations across models.
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Llama 3.1 8B demonstrates superior lexical alignment on general QA tasks, achiev-
ing ROUGE-L scores of 0.72 on SQuAD-en and 0.57 on SQuAD-it. This strong
syntactic performance suggests that Llama generates responses closely mirroring
reference answer phrasing. Interestingly, GPT-40 shows relatively low syntactic
scores (0.26 on SQuAD-en) despite being the most capable model, indicating that
it generates more elaborate or differently-phrased responses that diverge lexically
from references while potentially remaining semantically correct.

A consistent degradation pattern emerges across all models when moving from
general to specialized domains. CovidQA scores are substantially lower than
SQuAD scores, with ROUGE-L values ranging from 0.21 to 0.27. This reflects the
challenge of generating responses matching the technical terminology expected in
medical contexts.

Cross-lingual performance shows larger gaps for syntactic metrics: Llama
3.1 8B drops from 0.72 (SQuAD-en) to 0.57 (SQuAD-it), while Mistral-Nemo
decreases from 0.43 to 0.27. These gaps highlight the sensitivity of syntactic
metrics to language-specific surface patterns. Table 4.5 presents the semantic
metric results. Semantic metrics consistently show higher scores than syntactic

Table 4.5: Semantic evaluation results (BERTScore / BEM) for QA tasks.
Model SQuAD-en SQuAD-it CovidQA NarrativeQA

GPT-40 0.85/093 0.81/092 0.85/0.61 0.85/0.48
Llama3.18B 092/0.90 0.90/0.79 0.85/0.61 0.85/70.46
Mistral-Nemo  0.88/0.94 0.83/0.82 0.86/0.62 0.88/0.56
Gemma 2B 0.88/0.77 — 0.85/0.43 0.86/0.35

measures, with BERTScore ranging from 0.81 to 0.92 across tasks. This pat-
tern confirms that models generate semantically appropriate answers even when
they deviate lexically from references—validating the importance of semantic
evaluation as discussed in Section 4.1.4. A notable finding is the divergence
between BERTScore and BEM across domains. While BERTScore remains stable
(0.85-0.88) even on specialized tasks, BEM shows pronounced domain effects,
dropping from 0.77-0.94 on general tasks to 0.43—0.62 on specialized domains.
This suggests that BEM’s task-specific training makes it more sensitive to domain
shift, potentially providing better discrimination between answer quality levels.
GPT-40 achieves the highest BEM score (0.93) on SQuAD-en despite its low
syntactic scores, confirming that its responses capture semantic content effectively
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while using different surface forms. Mistral-Nemo achieves comparable BEM
performance (0.94) and maintains the strongest scores on specialized tasks (0.62
on CovidQA, 0.56 on NarrativeQA), suggesting robust cross-domain generaliza-
tion. Cross-lingual performance is more stable for semantic metrics than syntactic
ones. BERTScore shows relatively small gaps between English (0.85-0.92) and
Italian (0.81-0.90), indicating that semantic understanding transfers well across
languages even when surface patterns differ substantially. Table 4.6 presents the
LLM-based reference-free metrics.

Table 4.6: Reference-free evaluation results (Answer Relevance / Context Relev-
ance / Groundedness) for QA tasks.

Model SQuAD-en SQuAD-it CovidQA

GPT-40 1.00/0.90/0.79 0.99/0.80/0.81 0.89/0.82/0.61
Llama3.18B 1.00/0.89/0.67 0.99/0.80/0.71 0.86/0.82/0.62
Mistral-Nemo 1.00/0.89/0.78 0.98/0.81/0.78 0.91/0.82/0.64
Gemma 2B 0.98/0.90/0.67 — 0.77/0.82/0.51

The reference-free evaluation reveals a critical pattern: a substantial and
consistent gap between answer relevance and groundedness scores across all
models. Answer relevance remains high (0.98-1.0 for SQuAD-en, 0.86-0.91 for
CovidQA), indicating that responses appropriately address the queries. However,
groundedness scores are notably lower (0.67-0.79 for SQuAD-en, 0.51-0.64 for
CovidQA), revealing that models sometimes generate plausible but unfaithful
answers not fully supported by the provided context.

This answer relevance—groundedness gap represents a fundamental challenge
in LLM-based QA. Models appear to prioritize generating fluent, relevant-seeming
responses over strictly adhering to provided context, potentially incorporating
parametric knowledge or fabricating details. The gap is remarkably consistent
across models, sizes, and languages, suggesting a systematic limitation of current
approaches rather than a model-specific issue.

Mistral-Nemo demonstrates the best balance, achieving 0.78 groundedness
on SQuAD-en while maintaining perfect answer relevance (1.0). GPT-40 shows
similar groundedness (0.79) with slightly higher answer relevance on specialized
tasks. Groundedness degrades substantially on CovidQA (0.51-0.64), indicating
that specialized domains pose greater challenges for maintaining factual fidelity.
The cross-lingual evaluation using NarrativeQA with Italian queries over English
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documents tests language transfer capabilities in a challenging configuration.
Table 4.7 presents these results.

Table 4.7: Cross-lingual QA results on NarrativeQA with English documents and
Italian queries.

Model BERTScore BEM AR/CR/G

GPT-40 0.83 046 0.95/0.52/0.38
Llama 3.1 8B 0.82 044 0.92/0.53/0.37
Mistral-Nemo 0.83 022 097/0.52/0.39

Cross-lingual scenarios present substantially greater challenges. BEM scores
drop significantly (0.22-0.46 compared to 0.46—0.94 in monolingual settings),
indicating that cross-lingual generation often produces semantically divergent
responses. Groundedness is particularly affected (0.37-0.39), suggesting models
struggle to remain faithful to source content when bridging language boundaries.

GPT-40 demonstrates superior cross-lingual capabilities, maintaining the
highest BEM score (0.46) in the translated configuration. This advantage likely
stems from its extensive multilingual pre-training and larger parameter count.
To validate automated metrics, we computed Spearman correlations with human
judgments on NarrativeQA subsamples (Table 4.8). BEM demonstrates strong

Table 4.8: Spearman correlations between automated metrics and human judg-
ments.

Metric Books Movies

BEM 0.735 0.704
Answer Relevance  0.436 0.565

correlation with human judgment (p = 0.735 for books, p = 0.704 for movies),
substantially outperforming reference-free answer relevance (p = 0.436 and
p = 0.565). This validates the discussion in Section 4.1.4: while reference-free
metrics offer practical advantages for scalable evaluation, reference-based semantic
metrics remain more reliable proxies for human assessment. The evaluation results
enable evidence-based recommendations tailored to various deployment scenarios.
For applications demanding the highest accuracy across diverse domains, GPT-
40 emerges as the optimal choice despite lower syntactic scores, as it achieves
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the highest semantic quality and superior cross-lingual capabilities, albeit with
higher costs and API dependencies. When balancing quality with the need for
open-source deployment, Mistral-Nemo offers a compelling alternative. Its con-
sistent cross-domain performance and strong groundedness make it particularly
suitable for applications where both accuracy and transparency are paramount. In
scenarios prioritizing high throughput and response format consistency, Llama
3.1 8B provides strong general-domain performance at a lower computational
cost. Finally, for severely resource-constrained environments, Gemma 2B enables
deployment despite notable trade-offs, such as performance drops on specialized
tasks and a lack of Italian language support. Our benchmarking study reveals
several fundamental patterns with significant implications for QA system devel-
opment. A primary concern is the persistent “groundedness gap” exhibited by
all models, where answer relevance consistently outpaces actual groundedness.
This phenomenon spans different architectures and sizes, suggesting that current
training approaches inadvertently prioritize fluency over strict faithfulness to the
source material. Addressing this limitation is critical for applications that require
highly verifiable responses. Furthermore, we observed a substantial divergence
between semantic and syntactic metrics, confirming the limitations of lexical
evaluation for generative QA; models frequently produce factually correct answers
using entirely different surface forms, which strongly argues for prioritizing se-
mantic evaluation. Additionally, domain adaptation remains a significant hurdle,
as performance degrades noticeably when shifting to specialized domains. Finally,
our results indicate that model architecture and training methodology may be more
decisive factors than raw parameter count, as evidenced by smaller models like
Mistral-Nemo (12B) achieving results comparable to much larger models like
GPT-40 (;,175B) on several metrics.

4.2.2 QA over Tabular Data

While the preceding sections have focused on question answering over unstruc-
tured text, a substantial portion of information in real-world documents—particularly
in financial, scientific, and business contexts—is organized in tabular form. Tables
present unique challenges for QA systems: they encode information through spa-
tial relationships, headers, and cell alignments that are fundamentally different
from the sequential nature of prose text. This section presents our investigation into
leveraging large language models for question answering over tables, examining
both direct QA approaches and semantic parsing paradigms.
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Challenges of QA over Tables

Question answering over tabular data differs fundamentally from text-based QA in
several important respects. Tables encode information through a two-dimensional
structure where meaning emerges from the intersection of row and column se-
mantics, rather than through sequential narrative. This structural encoding creates
unique challenges that must be addressed by any QA system operating on tabular
data. Tables exhibit diverse structural patterns including merged cells, hierarch-
ical headers, multi-level column groupings, and nested row categories. Financial
reports, in particular, frequently employ complex layouts with grouped columns
representing different time periods or business segments, and grouped rows repres-
enting hierarchical categories of financial metrics. Interpreting such tables requires
understanding not just the cell values but also the structural relationships that de-
termine their meaning. Unlike text-based QA where answers are often extractable
spans, table QA frequently requires numerical reasoning—computing sums, dif-
ferences, percentages, or comparisons across multiple cells. A question such as
“What was the year-over-year growth in revenue?” requires identifying the relevant
cells, understanding their temporal relationship, and performing arithmetic opera-
tions. This reasoning requirement substantially increases task complexity. Tables
must be serialized into a format consumable by language models, which funda-
mentally process sequential text. The choice of serialization strategy—whether
plain text, HTML, markdown, or structured representations—significantly impacts
model performance. Information about column alignment, header relationships,
and cell boundaries may be preserved or lost depending on the representation
chosen. Tables in specialized domains such as finance employ conventions and
terminology that may differ from general-domain tables. Financial tables often use
parentheses to denote negative values, employ specific units (millions, thousands),
and contain domain-specific abbreviations. Models must learn to interpret these
conventions correctly to provide accurate answers. Traditional approaches to table
QA have relied on semantic parsing, where natural language queries are trans-
lated into formal query languages such as SQL or logical forms [17, 38]. While
effective when sufficient training data is available, these approaches often struggle
with cross-domain generalization and require substantial annotation effort. The
emergence of large language models offers an alternative paradigm where models
can leverage pre-training on diverse data sources to perform both direct question
answering and code generation for semantic parsing, potentially providing more
flexible solutions for table QA tasks.
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Direct QA Approach

The direct QA approach frames table question answering as a straightforward
generation task: given a table and a natural language question, the model generates
an answer directly without intermediate formal representations. This approach
leverages the in-context learning capabilities of large language models, allowing
them to interpret tabular data and produce answers in a single inference pass. A
critical design decision in direct QA is the choice of table representation format.
We investigated three distinct formats to understand their impact on model per-
formance: Plain Text represents tables by concatenating cell values with minimal
structural markers, removing HTML tags and formatting. While compact, this
representation loses explicit information about column boundaries and header
relationships, requiring models to infer structure from context.

HTML preserves the original table structure including header tags (<th>),
row delimiters (<t r>), and cell boundaries (<t d>). This format maintains ex-
plicit structural information that mirrors how tables are rendered in web docu-
ments, potentially aligning well with patterns seen during model pre-training.
Flattened HTML addresses the challenge of complex table structures by transform-
ing grouped rows and columns into a normalized form. Using an LLM-assisted
preprocessing step, tables with merged cells and hierarchical headers are converted
into a flat representation where each row contains complete attribute information.
This normalization eliminates structural complexity at the cost of potential inform-
ation loss and preprocessing overhead. Effective prompting is essential for direct
QA performance. Our prompt design incorporates several elements: a clear task
description specifying the expected output format (single word or short phrase),
explicit instructions regarding units and numerical formatting (e.g., “include units
such as $, %, million”), and few-shot examples demonstrating the expected re-
sponse style. For specialized domains such as financial analysis, prompts are
adapted to include domain-specific conventions, such as handling negative values
represented with parentheses. We evaluated both proprietary and open-source
models to assess the accessibility of high-quality table QA. GPT-40 represents
the current state of the art in proprietary models, while Llama 3.1 8B provides an
open-source alternative suitable for deployment in resource-constrained or privacy-
sensitive environments. This comparison enables assessment of the performance
gap between model classes and the trade-offs involved in model selection for
production deployment.
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Semantic Parsing Approach

As an alternative to direct generation, semantic parsing approaches translate natural
language queries into executable code that operates on structured representations
of tables. This paradigm offers several potential advantages: generated code is
interpretable and auditable, execution errors provide explicit failure signals, and
the approach naturally handles complex computations that might challenge direct
generation.

We investigated three target languages for semantic parsing:

SQOL represents the traditional approach to querying structured data. Tables
are converted to relational format with defined schemas, and natural language
queries are translated into SQL statements. While SQL is a well-established query
language with clear semantics, it may not align optimally with the textual patterns
encountered during LLM pre-training.

Pandas-based Python leverages the popular data manipulation library for tabu-
lar operations. Tables are represented as DataFrames, and queries are translated
into Python functions that use Pandas operations for filtering, aggregation, and
computation. This approach benefits from the extensive presence of Pandas code
in pre-training corpora.

Vanilla Python generates Python functions that operate on dictionary repres-
entations of tables without external library dependencies. This approach produces
simpler code that relies only on basic Python operations, potentially reducing the
complexity of generated programs and the risk of library-specific errors.

The semantic parsing pipeline operates in multiple stages. First, tables are
converted from their original HTML representation into the target data structure
(SQL table, Pandas DataFrame, or Python dictionary). Second, an LLM translates
the natural language query into executable code in the target language. Third,
the generated code is parsed and executed against the data structure, producing a
result value. Finally, another LLM call converts the execution result into a natural
language response matching the expected answer format.

This multi-stage pipeline introduces additional points of potential failure—code
generation errors, type mismatches during execution, and response formatting
issues—but provides explicit intermediate outputs that facilitate debugging and
error analysis.
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Experimentation and Results

We conducted comprehensive experiments to evaluate both direct QA and semantic
parsing approaches across multiple datasets and model configurations.

Our evaluation employed four datasets spanning different domains and task
types: FinTabNetQA comprises 250 question-answer pairs associated with fin-
ancial tables extracted from annual reports of S&P 500 companies. Questions in
this dataset require precise extraction of cell values from complex financial tables,
testing models’ ability to navigate intricate tabular structures.

VWTQ (Wikipedia Table Questions) contains 750 question-answer pairs
associated with Wikipedia tables. Questions range from direct cell extraction
to complex reasoning over multiple cells, providing a diverse evaluation across
multiple domains.

VTabFact comprises 250 statement-verification pairs where the task is to
determine whether a given statement is supported by the data in the associated table,
testing models’ ability to perform factual verification against tabular evidence.

FinTab-It is a proprietary financial dataset in Italian containing 532 question-
answer pairs. This dataset specifically assesses performance on non-English
financial documents, addressing the multilingual requirements of practical applica-
tions.

Table 4.9 summarizes the characteristics of these datasets.

Table 4.9: Overview of datasets used for table QA evaluation.

Dataset QA Pairs Domain Task Language
FinTabNetQA 250 Financial Extraction English
VWTQ 750 Multiple  Extraction/Reasoning  English
VTabFact 250 Multiple Verification English
FinTab-1It 532 Financial Reasoning Italian

Table 4.10 presents the accuracy of direct QA across models and table repres-
entations.

Several important patterns emerge from these results. First, HTML repres-
entation consistently outperforms plain text across all datasets and models, with
improvements ranging from 3.2 to 20.8 percentage points. This suggests that the
structural information encoded in HTML provides crucial guidance for LLMs in
interpreting tabular data, likely because HTML table patterns are well-represented
in pre-training corpora. Second, GPT-40 demonstrates remarkable robustness
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Table 4.10: Accuracy of large language models for direct table QA with different
table representations.

Dataset Model Plain Text HTML Flat HTML
FOTONeQA S ks or1  ooa0  osse
VIR i oes  ome 0o
Wio Bl 0sss  oddo o
FinTab.-It GPT-40 0.727 0.725 —

Llama 3.1 8B 0.372 0.496 —

across formats compared to Llama 3.1 8B. The average performance gap between
HTML and plain text representations is only 6.0% for GPT-40, compared to
15.1% for Llama 3.1 8B. This indicates that smaller models are more reliant on
well-structured inputs to compensate for their more limited parametric knowledge.
Third, flattened HTML does not provide consistent improvements. While designed
to simplify complex table structures, this representation shows worse performance
than standard HTML on FinTabNetQA (0.928 vs. 0.988 for GPT-40) and no mean-
ingful improvement on other datasets. This suggests that grouped columns and
hierarchical headers do not represent significant obstacles for current LLMs, and
the preprocessing step may introduce information loss that outweighs any struc-
tural simplification benefits. Error analysis revealed that Llama 3.1 8B exhibits
specific failure patterns including numerical rounding (truncating decimal values)
and digit truncation in large numbers. These errors persist despite explicit prompt
instructions to preserve exact values, suggesting that few-shot in-context learning
or post-generation heuristics may be necessary to mitigate such issues in smaller
models. To assess whether supervised fine-tuning can reduce the performance
gap between smaller open-source models and larger proprietary alternatives, we
conducted experiments using QLoRA [15] to fine-tune Llama 3.1 8B. Table 4.11
presents results for different training configurations. Fine-tuning produces only
modest improvements: the best configuration (8 epochs) achieves 0.924 accuracy
compared to 0.920 for the baseline, a marginal 0.4% improvement. More concern-
ing, extended training (12 epochs) leads to severe performance degradation (0.480),
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Table 4.11: QLoRA fine-tuning configurations and resulting accuracy on FinTab-
NetQA (HTML tables).

Configuration Rank Alpha Epochs Accuracy
Baseline (no fine-tuning) — — — 0.920
QLoRA 1 32 16 4 0.912
QLoRA 2 32 16 8 0.924
QLoRA 3 32 16 12 0.480

indicating overfitting on the limited training data. These results suggest that larger
and more diverse datasets are required to substantially improve smaller models’
table QA capabilities through supervised fine-tuning, and that parameter-efficient
methods alone cannot bridge the fundamental capability gap with larger models.
Table 4.12 presents the performance of GPT-40 using different semantic parsing
paradigms on FinTabNetQA.

Table 4.12: Performance of GPT-4o for table QA with semantic parsing on FinT-
abNetQA.

Metric SQL Pandas Vanilla Python
Accuracy 0.356  0.788 0.860
Execution Errors 2 10 7

Several findings merit discussion. First, vanilla Python substantially outper-
forms both SQL and Pandas, achieving 0.860 accuracy compared to 0.788 for
Pandas and only 0.356 for SQL. This suggests that LLMs are more proficient
at generating standard Python code than specialized query languages or library-
specific APIs, likely reflecting the distribution of code in pre-training data.

Second, semantic parsing underperforms direct QA on HTML tables (0.860 vs.
0.988 for GPT-40). This counterintuitive result suggests that for well-structured
tables, the additional complexity of the semantic parsing pipeline—including
code generation, execution, and result interpretation—introduces more error op-
portunities than it resolves. However, semantic parsing offers advantages in
interpretability and auditability that may justify its use in high-stakes applications
where understanding the reasoning process is essential. Third, execution errors
reveal systematic issues in code generation. SQL queries frequently fail due to type
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casting errors when columns contain string values with embedded formatting (e.g.,
currency symbols), as the generated code assumes numeric types. Pandas code
exhibits similar type inference issues. Vanilla Python errors most commonly occur
when the model generates example usage code alongside the function, causing
parsing failures. These error patterns suggest that providing schema information
or example rows in the prompt could improve code generation reliability. Our
investigation into table QA yields several actionable insights:

1. Table representation matters significantly. HTML format should be
preferred over plain text for table QA, providing improvements of 8-20%
depending on model and dataset. This structural information is particularly
critical for smaller models.

2. Model size influences format sensitivity. Larger models (GPT-40) demon-
strate robust performance across formats, while smaller models (Llama 3.1
8B) show substantial degradation with less structured inputs. This suggests
that resource-constrained deployments should prioritize input quality.

3. Direct QA outperforms semantic parsing for well-structured tables.
When tables are provided in HTML format, direct generation achieves
higher accuracy than semantic parsing approaches, suggesting that the
interpretability benefits of semantic parsing come at a performance cost.

4. Vanilla Python is the optimal target language for semantic parsing.
When semantic parsing is required—for interpretability, auditability, or
handling complex computations—generating vanilla Python code yields
better results than SQL or Pandas-based approaches.

5. Limited data constrains fine-tuning effectiveness. Parameter-efficient
fine-tuning on small datasets produces marginal improvements and risks
overfitting, indicating that substantial training data is required to meaning-
fully improve smaller models’ table QA capabilities.

These findings have direct implications for deploying table QA systems in
practical applications. For maximum accuracy with minimal engineering effort,
direct QA with HTML representation using capable models such as GPT-40
is recommended. For applications requiring interpretable reasoning traces or
operating under cost constraints, semantic parsing with vanilla Python generation
provides a viable alternative with acceptable performance trade-offs.
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Chapter 5

Retrieval Augmented
Generation Systems
Optimization

5.1 State of the Art

Retrieval-Augmented Generation (RAG) has emerged as a pivotal paradigm in
modern natural language processing, addressing fundamental limitations of large
language models by combining neural retrieval mechanisms with generative capab-
ilities. This section provides a comprehensive overview of RAG architectures, their
variants and optimizations, and the critical role of document chunking strategies
in determining system effectiveness.

5.1.1 Foundational RAG architecture

The foundational RAG architecture was introduced by Lewis et al. [42], who
proposed a novel approach to knowledge-intensive NLP tasks by combining a
pre-trained neural retriever with a pre-trained sequence-to-sequence generator.
This seminal work demonstrated that augmenting language models with external
knowledge through retrieval could significantly improve performance on tasks
requiring factual accuracy while reducing the phenomenon of hallucination—the
generation of plausible but factually incorrect content [78].
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Formally, RAG models the probability of generating a target sequence y
given an input query z by treating the retrieved documents (or passages) z as a
latent variable. The model retrieves a set of documents z from a knowledge base
using a retriever with parameters 7, and generates the output using a generator
with parameters 6. The probability of the generated sequence is obtained by
marginalizing over the latent documents:

N

Praclylr) = Y Py(zlo) [T Polwile, 2, 9100-1) (5.1)

z€Top-K (x) i=1

In this formulation, P,(z|x) represents the retrieval probability (usually based
on dense vector similarity), and Py(y;| . .. ) represents the generation probability
of the next token given the context and the retrieved document. The objective is to
minimize the negative log-likelihood of the target outputs £ = — log Prac(y|x).

Prior to RAG, related approaches such as REALM [26] demonstrated the
viability of retrieval-augmented pre-training, where a knowledge retriever was
jointly trained with the language model. However, RAG’s post-hoc retrieval
approach proved more practical for deployment, as it decouples the retrieval
and generation components, enabling greater flexibility in system design and
knowledge base management.

The standard RAG pipeline comprises four interconnected phases that operate
in sequence to transform user queries into accurate, grounded responses [59].
The first phase, ingestion, processes input documents to create manageable and
searchable units. Documents are segmented into smaller parts, commonly re-
ferred to as “chunks,” using various strategies ranging from fixed-size splitting
to semantically-aware segmentation. For visually-oriented documents such as
PDFs, Document Layout Analysis techniques can be exploited to recognize more
meaningful document boundaries. These chunks are then converted into dense
vector representations through embedding models, transforming textual informa-
tion into high-dimensional vectors that capture semantic essence. The resulting
embeddings are ingested into vector stores optimized for efficient similarity search
operations, such as Milvus, Pinecone or Weaviate.

Upon receiving a user query, the retrieval phase encodes it using the same
embedding model employed during ingestion. The query vector then undergoes
similarity search against the indexed document embeddings to identify the k£ most
relevant chunks. This phase narrows down the potentially vast information space to
the most pertinent passages for answer generation. The choice of retrieval method—
whether dense, sparse, or hybrid—significantly impacts both the relevance of
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retrieved content and system latency.

In the generation phase, a Large Language Model synthesizes information
from the retrieved chunks to construct a coherent and contextually appropriate
response. The generation phase conditions the LLM on both the original query and
the retrieved context, enabling the model to produce answers that are grounded
in the source material rather than relying solely on parametric knowledge. This
grounding mechanism is crucial for reducing hallucinations and ensuring factual
accuracy.

Finally, the evaluation phase employs both ground-truth dependent and in-
dependent metrics. Ground-truth dependent metrics assess correctness against
predefined reference answers, while ground-truth independent metrics such as
context relevance, groundedness, and answer relevance [19] evaluate system per-
formance without requiring gold-standard responses. This dual approach enables
thorough assessment of retrieval quality, generation faithfulness, and overall sys-
tem utility.

The RAG paradigm offers several advantages over pure generative approaches.
First, it enables access to knowledge beyond the model’s training cutoff, allowing
systems to incorporate current information. Second, retrieved passages provide
explicit evidence for generated answers, enhancing interpretability and enabling
source attribution. Third, the modular architecture allows independent updates
to the knowledge base without requiring model retraining, significantly reducing
maintenance costs in production environments.

5.1.2 Advanced RAG variants

The success of the foundational RAG architecture has spawned numerous vari-
ants and optimizations designed to address specific limitations and enhance per-
formance across different dimensions. These innovations span query processing,
retrieval mechanisms, and the integration between retrieval and generation com-
ponents. Query expansion techniques leveraging large language models have
emerged as powerful approaches for improving retrieval without modifying the
underlying index. HyDE (Hypothetical Document Embeddings) [23] introduced
a paradigm shift by using LLMs to generate hypothetical documents before em-
bedding: rather than directly embedding a query, HyDE instructs an LLM to
generate what a relevant answer document might look like, then embeds that
synthetic document for similarity search. This approach achieves performance
comparable to supervised dense retrievers without any labeled training data, ef-
fectively bridging the semantic gap between short queries and longer documents.
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Query2Doc [87] takes a related approach by concatenating LLM-generated pseudo-
documents with the original query text, demonstrating improvements of 3-15%
on benchmark datasets while benefiting both sparse and dense retrievers. The
key practical trade-off for both methods is latency overhead, as LLM inference
at query time adds significant processing time that must be balanced against re-
trieval quality improvements. Hybrid retrieval methods have gained prominence
by combining lexical and semantic approaches to capture complementary aspects
of relevance [11]. These approaches typically integrate BM25 or other sparse
retrievers with dense neural models, addressing limitations of pure dense retrieval
including the inability to perform exact keyword matching, sensitivity to out-
of-vocabulary terms, and potential failures on queries requiring precise lexical
matching. Rank fusion techniques provide mechanisms for combining results
from multiple retrieval systems. Reciprocal Rank Fusion (RRF) [14] computes a
combined score for each document based on its rank in each constituent system
without requiring score normalization. However, recent research has shown that
alternatives can improve performance: Convex Combination outperforms RRF
in both in-domain and out-of-domain settings, while score-aware hybrid retrieval
using weighted combination of dense and sparse scores demonstrates average
improvements of 4-8% over RRF on BEIR benchmarks. Reranking has become
an essential component of modern retrieval pipelines, operating as a second stage
that refines initial results to improve precision. The standard two-stage pattern
retrieves 50-100 candidates with fast first-stage methods, then reranks to select the
top 5-10 documents before generation, dramatically reducing computational cost
while maintaining high answer quality. Cross-encoder rerankers represent the most
established approach, employing full attention over concatenated query-document
pairs to compute relevance scores [56]. Beyond retrieval enhancements, several
architectural innovations address limitations of the standard RAG pipeline. Self-
RAG [4] introduces reflection tokens that enable the model to adaptively retrieve
information and critique its own generations, allowing the system to decide when
retrieval is necessary, assess the relevance of retrieved passages, and evaluate
the quality of generated responses. CRAG (Corrective RAG) [96] addresses the
challenge of low-quality retrieval by implementing a lightweight retrieval evalu-
ator that assesses relevance confidence and triggers corrective actions—such as
refined queries or web search—when initial retrieval fails to produce satisfactory
results. RAFT (Retrieval Augmented Fine-Tuning) [100] adapts language mod-
els to domain-specific RAG scenarios through targeted fine-tuning that teaches
models to distinguish between relevant and irrelevant retrieved content, improving
robustness to retrieval noise. FunnelRAG [93] proposes a coarse-to-fine progress-
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ive retrieval paradigm that balances retrieval effectiveness with computational
efficiency through hierarchical candidate filtering. A critical challenge in RAG
systems is the “Lost in the Middle” phenomenon identified by Liu et al. [48],
where models struggle to maintain attention across long input contexts. This
limitation is particularly relevant for QA systems processing extensive documents
or integrating information from multiple retrieved passages. Research has shown
that information placed in the middle of long contexts receives less attention than
information at the beginning or end, motivating strategies such as careful passage
ordering and context compression. The emergence of long-context language mod-
els with extended context windows (100K+ tokens) presents both opportunities
and challenges for RAG systems. While these models can theoretically process
entire documents without chunking, empirical evaluations reveal that RAG ap-
proaches often maintain advantages in terms of answer accuracy, source attribution
capability, and computational efficiency for many practical applications.

5.1.3 Source Attribution

Source attribution—Ilinking generated text to its underlying sources—is critical
for the transparency, trustworthiness, and verifiability of RAG system outputs [5].
By connecting generated content to portions of the retrieved context, source attri-
bution supports fact-checking, grounded summarization, and verifiable question
answering. It enables users to assess the quality and relevance of the sources be-
hind each claim, making it a key component for responsible Al deployment. Two
related but distinct tasks address the challenge of connecting generated content to
sources. Source attribution involves identifying supporting materials for generated
content, either during or after generation, and does not necessarily require a RAG
pipeline. Context attribution, more specifically relevant to RAG systems, links
LLM-generated sentences with parts of the retrieved input context [99]. Both tasks
can be implemented using in-line citations, which connect each sentence to its
supporting source, or answer-level attribution, which provides sources collectively
at the end of the output. Early approaches to source attribution were predominantly
LLM-based and designed for open-domain question answering. WebGPT [55]
relies on a text-based web browsing environment and an LLM to trigger informa-
tion extraction from web pages, though it focuses primarily on during-generation
in-line citations. RARR [22] uses search engines to identify evidence supporting
generated answers, employing retrieved evidence for answer revision and attri-
bution. More recent approaches have explored training-based methods: some
works train models with reinforcement learning to generate answers with quotes,

Improving RAG Pipelines for Question Answering over Documents

79



CHAPTER 5. RETRIEVAL AUGMENTED GENERATION SYSTEMS
OPTIMIZATION

while others employ factual consistency models to filter synthetically generated
data and use focused learning to concentrate backpropagated information around
generated answers [2]. LongCite [99] uses a retriever approach to identify cita-
tions for synthetically generated answers combined with focused learning for
tuning. However, these approaches typically rely on expensive LLM fine-tuning
strategies. Among zero-shot approaches, several works have explored post-hoc
and RAG-based methods for generating text with citations. Some approaches use
source attribution with in-context learning after open-book generation for answer
revision, while others employ fine-tuning to train LLMs to generate answers with
citations or to function as classifiers identifying citations in outputs generated by
any LLM [52].

5.2 Contributions

5.2.1 Continuous Improvement

A fundamental challenge in deploying RAG systems in production environments
is the need for continuous adaptation and improvement as the system interacts
with real users across diverse business domains. While initial model selection and
hyperparameter tuning provide a solid foundation, the true value of a production
RAG system emerges through its ability to learn from operational feedback and
systematically improve each component of the pipeline. This section presents
our methodology for iterative enhancement of RAG systems, centered around
a novel data structure called the RAG-Dataset, which serves as the foundation
for collecting, organizing, and leveraging user feedback to improve all pipeline
components.

RAG-Dataset

Standard information retrieval benchmarks such as BEIR [81] provide valuable
resources for evaluating retrieval performance in zero-shot settings. The BEIR
benchmark format captures the essential elements of a retrieval task: a corpus
of documents, a set of queries, and query-relevance annotations (qrels) that map
queries to their relevant documents with graded relevance scores. However, this
format was designed primarily for retrieval evaluation and lacks the necessary
structure to support end-to-end RAG system optimization, particularly for the
generation and source attribution components.
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To address this limitation, we introduce the RAG-Dataset format, an extension
of the BEIR schema that augments the standard retrieval-focused structure with
additional metadata required for comprehensive RAG system improvement. The
RAG-Dataset maintains backward compatibility with BEIR, ensuring that existing
evaluation tools and workflows remain applicable, while introducing several key
extensions. The RAG-Dataset is organized as a collection of JSON files, each
serving a specific purpose in the evaluation and improvement pipeline. The
complete structure comprises the following components:

1. Corpus: Contains the document collection segmented into retrievable
chunks. Each chunk entry includes:

* page_content: The textual content of the chunk

* metadata: A structured object containing id (unique chunk identi-

fier), document _id, document _name, page number, start_index,

end_index, and type

The chunk identifier follows a hierarchical naming convention:
{document_id}{page}_{start_index}_{end.index}, enabling pre-
cise localization within the source document.

2. Queries: A dictionary mapping query identifiers to natural language ques-
tions. Query identifiers follow the pattern {session_id}_question,
linking each query to its originating user session.

3. Answers: A dictionary mapping answer identifiers to the generated response
text. Answer identifiers encode both the originating query and the answer
source: {query_id}_answer_{source_type}, where source_type
indicates the provenance:

* system_answer for system-generated answers.
* user_answer for user-provided ground truth.
* expert_answer for expert-annotated ground truth.

A distinctive feature of the RAG-Dataset is its support for relevance annotations at
multiple granularities, enabling fine-grained analysis of retrieval performance:

1. Chunk-level Qrels (chunk_grels. json): Maps each query to its relev-
ant chunks with associated feedback metadata. Each entry contains:
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* score: Binary relevance indicator (41 for relevant, —1 for irrelevant)
* answer_feedback: User feedback on the answer quality (positive/negative)

e reference_feedback: User feedback on the passage relevance
(positive/negative)

2. Document-level Qrels (document_grels. json): Aggregates relev-
ance at the document level, using the same metadata structure. This dual-
level annotation supports both fine-grained chunk retrieval optimization and
coarse-grained document-level analysis.

3. Answer Qrels (answer_grels. json): Maps queries to their associated
answers with quality feedback. Each entry includes:

* score: Answer quality indicator
e answer_feedback: User assessment of answer correctness

e dataset_type: Source classification (altilia_gpt,user_answer,
expert_answer)

This multi-level structure enables independent optimization of retrieval (using
chunk and document grels) and generation (using answer grels) components, while
the cross-referenced feedback signals support source attribution model training.
The RAG-Dataset includes a comprehensive statistics file (stats. json) that
provides aggregate metrics for corpus analysis and quality monitoring:

¢ Corpus statistics: Number of documents and chunks, with distributional
metrics (average, min, max, median, standard deviation) for page count,
chunk count, word count, and character count per document and chunk

* Query statistics: Total query count, chunks per query distribution, and
documents per query distribution

These statistics enable automated monitoring of dataset growth and quality,
supporting decisions about when to trigger model retraining based on data accu-
mulation thresholds.

Feedback Collection Interface

The practical implementation of continuous improvement relies on an effective
mechanism for collecting user feedback without disrupting the user experience.
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Our system integrates feedback collection directly into the response interface,
presenting users with intuitive controls for providing signals on both retrieved
passages and generated answers. Following generation, the system displays not
only the answer but also the set of passages that the language model utilized in
constructing its response. This transparency serves dual purposes: it enables users
to verify the factual basis of the answer (supporting trust and accountability), and
it provides the interface for collecting passage-level relevance feedback. Each
displayed passage includes simple binary feedback controls (represented visually
as “thumbs up” and “thumbs down” icons) that allow users to quickly indicate
relevance. The RAG-Dataset captures two distinct feedback dimensions for each
retrieved passage:

* Reference feedback (reference_feedback): Indicates whether the
passage is genuinely relevant to answering the query, regardless of the an-
swer quality. This signal directly informs retrieval component optimization.

* Answer feedback (answer_feedback): Indicates whether the generated
answer adequately addressed the user’s information need. This signal drives
generation model improvement.

The separation of these feedback dimensions is critical for diagnosing system
failures. For instance, a query with positive reference feedback but negative answer
feedback indicates that retrieval succeeded but generation failed—the correct
passages were found, but the LLLM failed to synthesize an appropriate response.
Conversely, negative reference feedback with positive answer feedback (a rarer
case) suggests that the model generated a satisfactory response despite receiving
suboptimal context, potentially through reliance on parametric knowledge. Each
annotated example is classified into one of several categories based on feedback
signals and provenance:

* positive: Examples with positive reference feedback, used as positive
training examples

* negative: Examples with negative reference feedback, used as hard
negatives

* user_passages: User-provided relevant passages
* user_answer: User-provided reference answers

* expert_answer: Expert-annotated reference answers
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* system: System-generated answers for evaluation

This classification enables stratified sampling and weighted training strategies that
prioritize higher-quality annotations while still leveraging the larger volume of
system-generated examples.

Iterative Component Improvement

The RAG-Dataset serves as the foundation for systematic improvement of each
component in the RAG pipeline. Our architecture decomposes the system into
four primary trainable components, each benefiting from different aspects of the
collected feedback: The bi-encoder embedding model, which generates dense
vector representations for both queries and passages, is fine-tuned using a com-
bination of synthetic data (as described in Chapter 3) and real user feedback from
the RAG-Dataset. The synthetic data generation approach, based on contrastive
learning with Multiple Negative Ranking (MNR) loss, provides a strong initializ-
ation, while user feedback enables domain-specific refinement. Training data is
constructed from the chunk-level grels as follows:

* Positive pairs: Queries paired with chunks having score: 1 and
reference_feedback: positive

* Hard negatives: Chunks with score: -1 that were retrieved but re-
ceived negative reference feedback. These are particularly informative as
they represent failure cases where the current model incorrectly ranked
irrelevant passages highly.

The cross-encoder reranker, which refines initial retrieval results by jointly encod-
ing query-passage pairs, benefits from the dual-level grels structure. Document-
level grels provide coarse-grained supervision for ranking documents, while chunk-
level grels enable fine-grained passage ranking optimization. The reranker is
trained when sufficient feedback accumulates to indicate suboptimal ranking be-
havior. The generative language model that synthesizes answers from retrieved
context is adapted using feedback from the answer qrels. This adaptation employs
parameter-efficient fine-tuning techniques, specifically LoRA (Low-Rank Adapta-
tion) [30], to update the model’s behavior while preserving its general capabilities.
Training data is constructed by pairing queries with their retrieved context and
answers:

* Positive examples: Query-context-answer triplets where answer_feedback
ispositive
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* Reference examples: Entries with dataset_type of user_answer or
expert_answer provide the highest-quality supervision

» Contrastive pairs: When both positive and negative answers exist for the
same query, preference-based training can be applied

The distinction between altilia_gpt (system-generated), user_answer
(user-provided), and expert_answer (expert-annotated) answers enables cur-
riculum learning strategies that progressively incorporate higher-quality super-
vision. The source attribution component identifies which retrieved passages
genuinely support claims in the generated answer. The RAG-Dataset’s separation
of answer_feedback and reference_feedback provides ideal supervi-
sion for this task. Training examples are derived from entries where these signals
diverge:

* Positive attribution: Passages with positive reference feedback for queries
with positive answer feedback (the passage supported a correct answer)

* Negative attribution: Passages with negative reference feedback despite
positive answer feedback (the passage was not actually used to generate the
correct answer)

A critical design principle of our approach is the creation of separate RAG-Dataset
instances for each business domain or application context. Rather than attempting
to build a single universal improvement dataset, we recognize that optimal system
behavior varies significantly across domains. A legal document retrieval system
requires different optimization signals than a customer support knowledge base or
a technical documentation search system.

Each domain-specific RAG-Dataset accumulates feedback from users operat-
ing within that domain, enabling targeted optimization that preserves the unique
characteristics and requirements of each application context. The statistics file
tracks domain-specific distributional properties:

Listing 5.1: Example statistics for a banking domain RAG-Dataset

{
"corpus": {
"Document": {
"#": 2419,
"num_pages": {"average": 16.97, "median": 7, "max":
977},
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"num_chunks": {"average": 17.54, "median": 7, "max":
1099}
o
"Chunk": {
"#": 42432,
"num_words": {"average": 281.56, "median": 285.0},
"num_chars": {"average": 2110.97, "max": 4096}
}
}I
"queries": {
"#":. 308,
"chunks_per_query": {"average": 5.33, "median": 5.0},
"docs_per_query": {"average": 2.81, "median": 3.0}
}
h

These statistics inform chunking strategy optimization (the 4096 character
maximum suggests a deliberate choice balancing context length with retrieval
granularity) and retrieval depth configuration (the average of 5.33 chunks per
query indicates typical multi-passage reasoning requirements). To operation-
alize the continuous improvement methodology, we implement an automated
pipeline that orchestrates feedback collection, data preparation, model training,
and deployment. This pipeline enables RAG systems to improve autonomously
as they accumulate operational experience, while maintaining appropriate human
oversight. User feedback is continuously collected and aggregated into the domain-
specific RAG-Dataset. The dual feedback structure (answer_feedback and
reference_feedback) enables nuanced quality filtering:

» Examples with consistent positive signals across both dimensions are prior-
itized for positive training

» Examples with divergent signals (e.g., positive answer but negative refer-
ence) are flagged for potential model diagnosis

» Examples with consistent negative signals inform hard negative mining

Model retraining is triggered based on configurable conditions monitored through
the statistics file:

* Volume threshold: Sufficient new feedback has accumulated (e.g., query
count exceeds previous training snapshot by a configurable margin)
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* Distribution shift: Significant changes in chunks-per-query or docs-per-
query distributions indicate evolving user behavior

* Feedback ratio changes: Shifts in the proportion of positive vs. negative
feedback suggest model degradation

* Scheduled intervals: Regular retraining on a fixed schedule regardless of
other triggers

The continuous improvement pipeline integrates with CI/CD infrastructure to
manage model versioning, deployment, and rollback capabilities. Each model
version is tagged with the RAG-Dataset snapshot (identified by statistics and
grels file hashes) used for training, enabling reproducibility and debugging. The
dataset_type field supports A/B testing by allowing different model versions
to be evaluated against held-out user provided examples.

Benefits and Industrial Impact

The RAG-Dataset methodology and associated continuous improvement pipeline
provide several significant benefits in industrial deployments: By leveraging real
user feedback with structured dual-signal annotation, the system achieves domain-
specific optimization without requiring expensive manual annotation campaigns.
The organic collection of feedback through normal system operation amortizes the
data acquisition cost across productive use of the system. The separation of answer
feedback and reference feedback enables precise diagnosis of system failures.
Operations teams can identify whether issues stem from retrieval (wrong passages),
generation (wrong answer synthesis), or source attribution (incorrect citation),
and prioritize improvement efforts accordingly. The dual-level grels structure
(chunk and document) supports optimization at multiple retrieval granularities,
enabling systems to balance precision (chunk-level) and recall (document-level)
based on application requirements. The structured dataset_type classification
maintains clear provenance for all training data, supporting audit requirements
and enabling quality-weighted training strategies that prioritize human-validated
examples.

Through the RAG-Dataset framework and automated improvement pipeline,
we transform RAG systems from static deployments into continuously learning
systems that improve with every user interaction. This approach has been suc-
cessfully deployed across multiple business domains, demonstrating consistent
improvement in retrieval quality, answer accuracy, and user satisfaction over
extended operational periods.
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5.2.2 Optimal Chunking for RAG with Long Context Models

The rapid expansion of context windows in Large Language Models—from the
original 512 tokens of BERT to the millions of tokens supported by recent archi-
tectures such as Gemini and Claude—has fundamentally altered the landscape of
Retrieval-Augmented Generation. These long-context capabilities raise a critical
question for RAG system designers: when models can potentially ingest entire doc-
ument collections in a single forward pass, is the traditional retrieve-then-generate
paradigm still necessary? Despite the remarkable expansion of context windows,
Retrieval-Augmented Generation maintains several compelling advantages that
ensure its continued relevance in production systems. Understanding these advant-
ages is essential for making informed architectural decisions. The computational
cost of transformer-based models scales quadratically with sequence length due to
the self-attention mechanism. While various optimizations such as flash attention
and sliding window approaches have reduced this burden, processing extensive
contexts remains substantially more expensive than targeted retrieval. In produc-
tion environments where cost-per-query directly impacts business viability, RAG
systems that retrieve only relevant passages can achieve comparable accuracy at
a fraction of the computational cost. Our experiments demonstrate that strategic
chunking and retrieval can reduce input token counts by 80-95% compared to
whole-document approaches while maintaining or even improving answer quality
in specific domains. As documented by Liu et al. [48], language models exhibit
systematic biases in how they distribute attention across long contexts. Inform-
ation placed in the middle of extensive inputs receives disproportionately less
attention than content at the beginning or end—a phenomenon that persists even
in models explicitly designed for long-context processing. RAG systems mitigate
this limitation by surfacing relevant passages to prominent positions in the context,
ensuring that critical information receives appropriate attention during generation.
This architectural advantage becomes increasingly important as the ratio of rel-
evant to irrelevant content decreases in larger contexts. In knowledge-intensive
applications such as legal analysis, medical information retrieval, and financial
compliance, the ability to trace generated claims to specific source passages is not
merely desirable but often legally required. RAG architectures naturally support
fine-grained source attribution by maintaining explicit links between retrieved
passages and generated content. Whole-document approaches, while capable
of source attribution in principle, face practical challenges in identifying which
specific portions of extensive documents support particular claims. RAG systems
enable knowledge updates without model retraining by modifying the external
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document collection. This capability is particularly valuable in domains where
information changes rapidly or where maintaining multiple knowledge bases for
different applications is required. Long-context approaches that rely on in-context
learning must re-process entire document collections for each query, whereas RAG
systems can incrementally update their knowledge bases through efficient index
modifications. Recent empirical studies provide nuanced perspectives on the RAG
versus long-context tradeoff. Li et al. [46] found that while long-context models
can outperform RAG in average performance when sufficiently resourced, RAG
maintains significant advantages in cost-efficiency. Conversely, Xu et al. [95]
demonstrated that a 4K-context LLM with retrieval could match a 16K finetuned
LLM, suggesting that retrieval consistently benefits LLMs regardless of their
native context window size. The LaRA benchmark [43] revealed that the optimal
choice depends on multiple factors including model size, task type, and context
length, with RAG often proving more beneficial for weaker models or as context
length increases. Li et al. [44] also found that long-context models generally per-
form better, especially for Wikipedia-based QA, but RAG excels in dialogue-based
queries. These findings underscore that the choice between RAG and long-context
approaches is not binary but rather a design decision that should be informed by
specific application requirements. The choice of document segmentation strategy
fundamentally shapes RAG system performance by determining the granularity
at which information can be retrieved and the coherence of context provided
to the generation model. We systematically evaluate three distinct approaches
representing different points on the granularity spectrum.

Whole Document Retrieval. In this strategy, documents are provided to the
retrieval system and subsequently to the LLM in their entirety without prior
segmentation. This approach directly tests the long-context processing capabilities
of modern LLMs and their resilience to potentially noisy or extensive information
within a single block. While whole-document retrieval preserves complete original
context and eliminates the risk of fragmenting semantically connected content,
it presents challenges in terms of processing efficiency and the potential dilution
of relevant information within vast amounts of text. This strategy is particularly
relevant for documents with high internal coherence where cross-references and
long-range dependencies are prevalent.

Naive Fixed-Size Chunking. Fixed-size chunking segments documents into
smaller pieces using a straightforward approach: text is initially split sentence
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by sentence, and these sentences are then aggregated into chunks adhering to a
predefined token limit. This ensures a degree of uniformity in chunk size across the
corpus, which can be beneficial for batch processing and model input consistency.
The primary advantage of this approach lies in its simplicity and reproducibility—
identical parameters yield identical segmentations regardless of document content
or structure.

However, the content-agnostic nature of fixed-size chunking introduces sig-
nificant limitations. The method may inadvertently sever semantic connections
by splitting paragraphs or even complex sentences across chunk boundaries when
the token limit is reached. Studies exploring optimal chunk sizes have suggested
that 256 or 512 tokens often provide reasonable tradeoffs between faithfulness and
relevancy [88], though optimal values vary considerably across domains and tasks.

Semantic Chunking. Semantic chunking aims to overcome the limitations of
naive approaches by leveraging the inherent structure of documents. Rather than
imposing arbitrary boundaries, this strategy divides text based on natural sections—
chapters, main sections, subsections, or distinct thematic paragraphs identified by
structural cues. The primary goal is to create chunks that maintain high internal
contextual coherence, preserving semantically meaningful units that can stand
alone as informative passages.

The effectiveness of semantic chunking depends critically on the quality and
consistency of source document formatting. Well-structured documents with
clear hierarchical organization benefit substantially from this approach, while
poorly formatted or inconsistently structured documents may yield suboptimal
segmentations. Recent work by Zhao et al. [102] argues that traditional semantic
chunking can be inadequate for subtle contextual nuances, proposing LLM-based
chunking methods that produce more distinct and cohesive chunks according
to metrics such as Boundary Clarity and Chunk Stickiness. However, Qu et
al. [66] demonstrated that semantic chunking does not guarantee consistently
better performance than simpler fixed-size approaches and that the computational
cost of sophisticated segmentation methods is not always justified.

Experimental Methodology

Our experimental framework is designed to isolate the impact of chunking strategy
as the primary variable while maintaining consistent, state-of-the-art components
for all other pipeline elements. To ensure efficient and relevant context retrieval,
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we employed a sophisticated hybrid search pipeline combining the strengths of
different retrieval paradigms:

* Keyword-based Retrieval: We employed BM25 (Best Matching 25), rank-
ing documents based on term frequency, inverse document frequency, and
document length normalization. This component excels at identifying
chunks containing exact keyword matches to the user’s query and provides
a robust baseline for lexical relevance.

* Semantic Retrieval: Complementing keyword-based search, we integ-
rated semantic retrieval using multilingual-e5-large embeddings with cosine
similarity. This model captures nuanced semantic relationships and sup-
ports multilingual content through specialized prefixes during embedding.
Critically, we fine-tuned this model on domain-specific data to improve gen-
eralization toward the legal domain, following the methodology presented
in Section 3.2.2.

* Reranking: To refine initial retrieval results, we incorporated gte-multilingual-
reranker-base. This cross-encoder takes the top N candidates from preced-
ing stages and re-evaluates their relevance using a more computationally
intensive but accurate model, pushing the most relevant chunks to the fore-
front before they are passed to the LLM.

The final stage of our RAG pipeline presents retrieved and reranked context to
advanced LLMs for answer generation. We selected three models representing
diverse architectural approaches and capability levels:

* GPT-4.1: OpenAl’s flagship model, representing the state of the art in
proprietary LLMs with extensive long-context capabilities.

* Gemini 2.0 Flash: Google’s efficient long-context model, optimized for
speed while maintaining strong performance on knowledge-intensive tasks.

* Llama 4 Maverick: Meta’s open-weight model, demonstrating competitive
performance with full architectural transparency and fine-tuning capability.

These models are tasked with synthesizing coherent and accurate answers based
solely on the contextual information provided by the retrieval system, enabling
direct assessment of how different chunking strategies influence generation quality.
These specific models were selected to evaluate the chunking strategies across
different architectural paradigms and context-window optimizations. GPT-4.1 and
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Gemini 2.0 Flash represent frontier proprietary models with highly optimized long-
context processing capabilities, while Llama 4 Maverick provides a state-of-the-art
open-weight baseline, ensuring our findings regarding document segmentation are
robust across both closed and open ecosystems. We utilized two distinct datasets
to evaluate chunking strategy robustness across different domains and document
structures.

* CovidQA (Scientific Domain). This public dataset serves as our benchmark
for scientific domain performance, comprising 124 curated question-answer
pairs derived from 83 scientific papers regarding COVID-19. The documents
are characterized by standard scientific structuring with moderate length:
average tokens per document of 3,847, maximum of 8,355, and average
tokens per section of 369. This dataset represents scenarios where relevant
information is embedded within moderately sized documents of highly
technical content.

* BankReg-IT (Legal Domain). To test performance in a high-complexity
legal environment, we utilized a proprietary dataset composed of Italian
banking regulations and normative documents. This dataset presents signi-
ficantly greater challenges: 572 questions (filtered via BEIR cutoff), average
tokens per document of 28,109 (approximately 7.3 x longer than CovidQA),
and maximum tokens per document of 265,722. The sheer volume of text
per document serves as a stress test for long-context capabilities versus the
precision of retrieval systems.

The contrast between these datasets—short, structured scientific texts versus long,
complex legal documents—enables assessment of how domain characteristics
influence optimal chunking strategies. Given the complexity of legal documents,
we applied aggressive cleaning heuristics to normalize text for semantic chunking.
This process involved converting text to lowercase, normalizing Unicode charac-
ters, removing non-alphanumeric characters, removing explicit section numbering
to focus on semantic content, and standardizing whitespace. This preprocessing
yielded approximately 9,243 sections across 187 documents, with a mismatch rate
of roughly 2% in section indexing—deemed acceptable for the experimental scale.

Experimental Results

We evaluated model performance across different granularity levels, with res-
ults categorized by dataset to illuminate domain-specific patterns. To rigorously
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quantify generation quality without relying solely on expensive human annotation,
we adopted an LLM-as-a-judge evaluation framework. Specifically, we employed
GPT-4.1 as the automated evaluator to assess the generated responses. The eval-
uator was tasked with measuring the factual equivalence between the generated
answer and the ground truth, ultimately computing an aggregate answer quality
metric on a 0-1 scale. Table 5.1 presents performance on the long-context banking
regulation dataset, exploring granularity ranging from whole documents to fine-
grained text sections. Several important patterns emerge from the legal domain

Table 5.1: Performance on BankReg-IT (Proprietary Legal Dataset). Metrics
indicate aggregate answer quality on a 0—1 scale.

Model Whole Docs Naive Chunks Pages Sections (Low) Sections (High)
GPT-4.1 0.672 0.684 0.678 0.600 0.660
Gemini 2.0 Flash 0.642 0.642 0.672 0.563 0.624
Llama 4 Maverick 0.721 0.654 0.672 0.587 0.654

evaluation: Llama 4 achieved the highest overall score (0.721) using the whole
document strategy, substantially outperforming all other model-strategy combina-
tions. This result suggests that for complex legal reasoning, having the full context
without fragmentation allows the model to better resolve inter-dependencies within
regulatory texts. For both Llama 4 and GPT-4.1, performance generally degraded
as chunking became more granular. Lower-level sections performed worst at
approximately 0.60, representing a significant drop from whole-document ap-
proaches. This pattern indicates that legal documents possess characteristics that
make them particularly sensitive to context fragmentation. While whole document
retrieval yielded the best metrics for Llama 4, it was also the most computation-
ally expensive strategy. Organizations must weigh the accuracy benefits against
increased inference costs, particularly for high-volume applications. Table 5.2
presents results for the public scientific dataset, which features significantly shorter
document lengths and more localized information distribution.

The scientific domain reveals strikingly different patterns: Unlike the legal
dataset, the higher-order sections strategy outperformed or matched whole docu-
ments for all models. Llama 4 Maverick achieved its peak performance (0.717)
using higher-order sections—substantially better than its whole-document per-
formance (0.701). Given that CovidQA documents average only 3,800 tokens,
the computational penalty for ingesting whole documents is relatively modest.
Nevertheless, semantic chunking provided measurable advantages in precision,
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Table 5.2: Performance on CovidQA (Public Scientific Dataset).

Model Whole Docs Naive Chunks Higher-Order Sections
GPT-4.1 0.669 0.661 0.677
Gemini 2.0 Flash 0.677 0.685 0.685
Llama 4 Maverick 0.701 0.629 0.717

likely by reducing noise from irrelevant sections within scientific papers. mAll
three models showed more consistent performance across chunking strategies in
the scientific domain compared to the legal domain, suggesting that shorter, better-
structured documents are more forgiving of suboptimal segmentation choices. The
dichotomy in results between BankReg-IT and CovidQA demonstrates conclus-
ively that no single chunking strategy provides universally optimal performance
for RAG systems. The underperformance of granular chunking strategies in the
legal domain reveals fundamental characteristics of regulatory documents that
distinguish them from other text types. Legal documents exhibit what we term
“high semantic density”—a property where meaning is distributed across extensive
spans of text with frequent cross-references and definitional dependencies. A
regulation in Section 1 may explicitly reference definitions established in Section
10, creating long-range dependencies that are severed by any form of document
fragmentation. Furthermore, legal reasoning often requires understanding the
hierarchical relationship between general principles and specific provisions. When
documents are chunked, even semantically, this hierarchical context is lost, forcing
the LLM to reason with incomplete information. Llama 4 Maverick’s ability
to effectively handle whole documents averaging 28,000 tokens demonstrates
that for high-stakes domains with complex internal structure, the long-context
approach—despite higher inference costs—delivers superior accuracy. Conversely,
scientific literature exhibits a different information architecture. Research papers
are typically structured with distinct sections (abstract, introduction, methods,
results, discussion) where relevant information for specific questions tends to be
localized within particular sections. A question about experimental methodology
is unlikely to require information from the conclusion, and vice versa.

Semantic chunking effectively exploits this locality by presenting the model
with self-contained scientific arguments without the noise of entire papers. The
chunking process acts as a precision filter, reducing the cognitive load on the
generation model and enabling more focused reasoning. This architectural property
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explains why higher-order sections outperformed whole documents across all
models on CovidQA. Document length emerges as a critical mediating factor
in chunking strategy effectiveness. The average BankReg-IT document (28,109
tokens) is approximately 7.3 longer than the average CovidQA document (3,847
tokens). This length differential has several implications:

1. Attention distribution: In longer documents, the “lost in the middle” phe-
nomenon becomes more pronounced, potentially disadvantaging whole-
document approaches. However, our results show the opposite for legal
texts, suggesting that the benefits of contextual completeness outweigh at-
tention distribution concerns when documents have high internal coherence.

2. Retrieval precision: For longer documents, the precision of retrieval be-
comes more critical. Retrieving an entire 28,000-token legal document
when only a specific section is relevant introduces substantial noise. Yet
our results indicate that this noise is preferable to the information loss from
fragmentation—at least for regulatory texts.

3. Computational scaling: The cost differential between chunked and whole-
document approaches scales with document length. For CovidQA’s shorter
documents, whole-document processing is computationally tractable; for
BankReg-IT’s extensive regulations, the cost difference becomes substantial
and may influence architectural decisions in cost-sensitive deployments.

Trade-offs and Recommendations

Based on our comprehensive evaluation, the selection of a chunking strategy must
be intrinsically tied to the structural characteristics of the target domain. For
high-density texts such as legal, regulatory, and contract documents, preserving
long-range semantic dependencies is critical; therefore, whole-document retrieval
should be preferred whenever computational resources allow. If context window
limitations necessitate segmentation, practitioners should employ the largest feas-
ible chunk sizes and strictly avoid fine-grained, section-level chunking, which our
experiments show consistently underperforms. A viable compromise in such scen-
arios is a hybrid approach, consisting of coarse document-level retrieval followed
by a secondary within-document search. Conversely, when processing scientific
and technical documentation, information tends to be localized within specific
structural boundaries. In these cases, semantic chunking based on higher-order sec-
tions (e.g., major document divisions rather than fine-grained paragraphs) provides
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the optimal balance, although whole-document approaches remain competitive
and may be preferred for their simplicity. For mixed-domain applications, systems
should implement adaptive, metadata-driven routing strategies that identify docu-
ment characteristics before processing, potentially maintaining separate indices
with different granularities for different document classes. Model selection intro-
duces meaningful patterns that should further inform deployment decisions. Llama
4 Maverick demonstrated exceptional performance with whole documents in the
legal domain but showed greater sensitivity to chunking strategies in the scientific
domain, making it highly recommended for applications requiring maximum ac-
curacy on complex, long-form documents where computational cost is secondary.
GPT-4.1, on the other hand, exhibited more consistent performance across both
domains and chunking strategies, rendering it suitable for applications with het-
erogeneous document types where per-class strategy optimization is impractical.
Finally, Gemini 2.0 Flash provided competitive performance with lower latency,
representing an attractive option for high-throughput applications where marginal
accuracy differences are acceptable. To operationalize these findings, practical
implementations should begin by evaluating domain characteristics—such as doc-
ument length, internal coherence, and cross-reference density—before selecting
a chunking strategy. Furthermore, production systems require continuous mon-
itoring to track performance metrics across document types, enabling strategies
to adapt based on observed outcomes. For documents exceeding context lim-
its, hierarchical architectures that retrieve relevant documents before applying
within-document search can preserve contextual relationships while maintaining
precision. Ultimately, the optimal configuration depends on an explicit balance
of cost and accuracy; for example, regulatory compliance applications may jus-
tify higher computational costs to ensure accuracy, whereas customer support
systems may prioritize throughput and latency. Our findings point toward sev-
eral promising research directions. Dynamic chunking mechanisms that utilize
query analysis to select between whole-document ingestion and granular retrieval
based on query complexity represent a particularly compelling opportunity. Self-
routing approaches, building on work such as Self-ROUTE [44], could enable
systems to adaptively choose strategies in real-time based on both document and
query characteristics. Additionally, the development of domain-specific chunking
heuristics informed by document structure analysis could improve performance
in specialized applications. Legal documents, for instance, might benefit from
chunking strategies that preserve definitional relationships and cross-references
while still enabling efficient retrieval. The continued expansion of context win-
dows will likely shift the optimal tradeoff points identified in this study. However,
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the fundamental insight—that domain characteristics should drive architectural
decisions—will remain relevant regardless of model capabilities. RAG systems
that adapt their strategies to document and query characteristics will consistently
outperform those applying uniform approaches across heterogeneous content.

5.2.3 Source Attribution

In Retrieval-Augmented Generation systems, ensuring that generated text is accur-
ately attributed to its underlying sources is critical for transparency, trustworthiness,
and verifiability. Context-attribution—the task of linking LLM-generated sen-
tences with portions of the retrieved input context—represents a fundamental
component for responsible Al deployment. This section presents a comprehens-
ive study on post-hoc context-attribution methods, focusing on the comparison
between lightweight cross-encoders and Large Language Models in low-annotation
industrial settings.

The Context-Attribution Problem

As RAG systems become increasingly prevalent in production environments, the
need for reliable context-attribution grows more pressing. When users interact
with Al assistants powered by LLMs, they require not only accurate answers but
also the ability to verify the information against the original sources. Corroborative
context-attribution, which identifies evidence supporting generated statements, is
essential for making LLM-generated content more transparent and trustworthy.

The context-attribution task can be formalized as follows: given an answer a
generated in a RAG setting and a set of passages P = {p1,pa, ..., pm} retrieved
by the system, the objective is to identify which passages contain the information
used to produce the answer. This task presents several challenges:

* Semantic complexity: The generated answer often paraphrases or syn-
thesizes information from multiple sources, making direct string matching
ineffective.

* Annotation scarcity: Obtaining high-quality annotations for context-attribution

requires domain expertise and is prohibitively expensive at scale.

* Granularity trade-offs: Attribution can be performed at different levels of
granularity—from entire passages to individual sentences—each presenting
unique challenges.
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* Computational constraints: Production environments often require effi-
cient inference with limited computational resources.

Two distinct attribution tasks are addressed in this work: answer-level context-
attribution, which identifies all passages that entail any portion of the answer,
and sentence-level in-line citation, which requires fine-grained attribution at the
sentence level within the generated response.

Semi-Supervised Cross-Encoders for Context-Attribution

While state-of-the-art LLMs exhibit strong performance across various NLP tasks,
their deployment for context-attribution presents practical limitations: high com-
putational costs, dependency on proprietary APIs, and the need for complex
prompt engineering. Cross-encoders emerge as a practical and efficient altern-
ative, offering advantages in terms of cost, control, and adaptability. Unlike
bi-encoders, which compute separate embeddings for queries and passages, cross-
encoders jointly encode both inputs, enabling the generation of fine-grained rel-
evance scores. This unified encoding architecture enhances semantic understand-
ing, making cross-encoders particularly suitable for nuanced tasks like context-
attribution. Furthermore, when applied to a limited set of candidates, cross-
encoders offer fast inference compatible with real-time retrieval pipelines. The
gte-multilingual-reranker-base model, with approximately 500 mil-
lion parameters, serves as the baseline cross-encoder in our experiments. To
address the inherent complexity of long passages, three inference strategies are
explored:

* Answer Passage strategy (AP): This approach feeds the cross-encoder with
a concatenation of the full answer and the full passage. The model outputs
the probability that the answer is entailed in the passage. After inference,
passages are ranked by descending probability and the top-k passages are
retained as attributed sources. While this strategy requires only a single
model inference per answer-passage pair, it may fail to capture complex
information when the context window is saturated.

* Sentence-Sentence strategy (SS): Each sentence from the answer is paired
with each sentence from the associated passages, and the model outputs the
entailment probability for each pair. This strategy captures more granular
semantics but incurs significant computational overhead due to the high
number of required inferences. Moreover, chunking passages into sentences
might fail to capture long dependencies.
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* Sliding Window strategy (SW): A sliding window of w, sentences for the
answer and w), sentences for the passages is employed. This approach aims
to identify the optimal level of granularity while reducing computational
overhead compared to the sentence-sentence strategy, though it requires tun-
ing the window hyperparameters. The hyperparameter search is constrained
to 2 < w, < 4and w, < w, < 8, based on the hypotheses that passage
windows benefit from longer chunks due to long information dependencies
and that cross-encoders benefit from extra answer context to disambiguate
false positives.

A key contribution of this work is the semi-supervised training approach that
leverages synthetic data generation to overcome annotation bottlenecks. Given the
scarcity of annotated data in real-world industrial scenarios, synthetic question-
answer pairs are generated using a quantized version of LLaMa-3.1-8B-instruct.
The generation process follows a structured methodology:

1. Clustering: Training passages are embedded using an off-the-shelf bi-
encoder and clustered into 10 groups using k-means clustering.

2. Example Selection: Examples closest to cluster centroids are retained as
gold examples for few-shot learning.

3. Synthetic Generation: For each passage in the training corpus, two gold
examples are sampled and used in a few-shot setting to generate synthetic
question-answer pairs.

4. Fine-tuning: The cross-encoder is fine-tuned on the synthetically generated
data using the following settings: learning rate of 2 x 10~7, 1 epoch, batch
size of 4, maximum sequence length of 2048 tokens, with early stopping
based on F1 score at a threshold of 0.9.

To mimic low-resource environments typical of industrial applications, only
10 examples from the training set are used as gold samples. The synthetic data
generation is performed using vLLM with prompts filtered to a maximum of
6,000 tokens to avoid out-of-memory errors. A manual review of 30 items per
dataset confirmed that the generated queries and answers were meaningful and
contextually relevant.
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Evaluation Framework

The evaluation framework encompasses four datasets representing different do-
mains and annotation conditions, as summarized in Table 5.3.

Table 5.3: Dataset statistics for context-attribution evaluation.
Proprietary TREC-RAG ASQA  ELIS

Passages 37,016 6,856 487,643 89,115
Avg. Tokens 333.79 220.79 584.70 114.47
Avg. Passages 4.45 8.56 10.00 10.00
Train (Q-A pairs) 27,000 6,000 33,693 86,904
Eval (Q-A pairs) 25 25 25 25
Hyp (Q-A pairs) 13 25 25 25
Test (Q-A pairs) 12 30 200 200

The Proprietary Legal Corpus consists of a diverse collection of legal docu-
ments supplied by an industrial partner, comprising approximately 37,000 pages
of Italian financial regulations and internal corporate materials (including emails
and internal communications). This dataset is fully annotated by domain experts
(legal professionals with degrees in legal fields) and enables the computation of
standard precision, recall, and F1 metrics.

TREC-RAG is originally designed to evaluate factoid QA systems. The RAG
variant repurposes the corpus for retrieval-based LLM generation by pairing ques-
tions with relevant evidence passages. The retrieval corpus consists of Wikipedia
articles segmented into fixed-length passages. We adopt a subset from the Rag-
nar6k framework containing 100 retrieved passages for each question, with the
top-20 reranked passages used for annotation and inference. The dataset contains
answers generated with GPT-4. ASQA is a dataset for long-form factoid question
answering focusing on ambiguous questions requiring nuanced responses. The
retrieval corpus is constructed from a 2018 Wikipedia dump, with documents split
into 800-word passages with a 200-word stride. ELIS is a long-form question
answering dataset derived from the Reddit forum “Explain Like I’'m Five,” paired
with passages from the Sphere corpus. For the proprietary dataset and TREC-RAG
with full annotation, standard precision, recall, and F1 metrics are computed. For
ASQA and ELIS, where budget constraints limited annotation, modified versions
of citation precision (p..), citation recall (r.), and citation F1 (f1.) are employed,
computing information entailment rather than sentence or answer entailment.
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Let I = {iy,42,...,4,} represent the atomic information units extracted from
the answer using a NLI model, and let ¢, ; € {0, 1} denote whether information
iq is entailed by passage p;. Citation recall is defined as:

o= |Ient|
-

where I, = {i, | 37 : eq,; = 1} represents the set of information units entailed
by at least one attributed passage. Citation precision is defined as:

5.2)

pe = |Pent|
Pl

where P.,; = {p; | 3¢ : eq,; = 1} represents the set of passages that entail at least
one information unit from the answer. GPT-40 is employed for both information
extraction and entailment inference. To establish a comprehensive baseline, the
cross-encoder approach is compared against both open-source (LLaMa-3.1-8B-
instruct) and proprietary (GPT-40) language models. Two prompting strategies
are evaluated: A straightforward prompt that concatenates instructions with the
question-passage-answer triplet, instructing the model to respond with “Yes” or
“No” to indicate whether the passage entails the answer. A more sophisticated
prompt that guides the model through a threefold reasoning process: (i) identifying
common information between the answer and passage, (ii) reasoning about in-
formation entailment, and (iii) determining the final entailment verdict. The model
outputs a structured JSON with three keys for transparency and interpretability.

(5.3)

Results and Discussion

Table 5.4 presents the answer-level context-attribution results on the proprietary
legal dataset. The cross-encoder with the sliding-window strategy achieves an F1
score of 84.15 with the frozen model (GTE) and 87.55 after fine-tuning on synthetic
data (GTEpeq). Among LLMs, GPT-40 with the CoT prompt achieves an F1 of
87.27, driven primarily by exceptional recall (96.00). However, the fine-tuned
cross-encoder achieves superior performance while offering significant advantages
in terms of deployment cost and latency. The smaller LLaMa model exhibits
poor performance with the lowest scores across all metrics. Table 5.5 presents
the results on TREC-RAG, a dataset that requires handling long dependencies for
correct attribution.

On TREC-RAG, the fine-tuned cross-encoder (GTEyeq) with SW strategy
achieves 77.41 F1, comparable to GPT-40 with CoT (78.74). Notably, the baseline
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Table 5.4: Answer-level context-attribution metrics on the proprietary legal dataset.
Parameters are reported as top-k/answer_sw/passage_sw/score_threshold.

Model Strategy Precision Recall F1

GTE SW 84.76 85.67 84.15
GTE SS 76.76 92.00 83.64
GTE AP 75.00 72.00 73.47
GTEwned SW 85.88 89.33  87.55
GTEyneq SS 76.76 92.00 83.64
GTEwned AP 84.62 88.00 86.27
GPT-40 CoT 80.00 96.00 87.27
GPT-40 Baseline 90.48 76.00 82.61
LLaMa-3.1 Baseline 69.23 72.00 70.59

Table 5.5: Answer-level context-attribution metrics on TREC-RAG. Parameters

are reported as top-k/answer_sw/passage_sw/score_threshold.

Model Strategy Precision Recall F1

GTE SW 74.08 82.60 75.68
GTE SS 80.55 48.23  58.78
GTE AP 70.79 81.73 72.42
GTEwned SW 70.32 90.82 7741
GTEwned SS 63.11 98.61 76.96
GTEwneq AP 67.32 80.37 70.05
GPT-40 CoT 73.98 89.29 78.74
GPT-40 Baseline 45.03 29.64  31.17
LLaMa-3.1 Baseline 57.04 42.01 42.05
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GPT-40 prompt performs very poorly (31.17 F1), highlighting the importance of
prompt engineering for LLM-based attribution. The SS strategy with GTEeq
achieves exceptional recall (98.61) but lower precision due to long dependen-
cies and non-contextualized passages. Table 5.6 presents the context-attribution
performance on ASQA using citation metrics computed via NLI. On ASQA,

Table 5.6: Answer-level context-attribution metrics on ASQA. Parameters are
reported as top-k/answer_sw/passage_sw/score_threshold.

Model Strategy De Te fle

GTE SW 9148 69.16 78.77
GTE SS 81.38 69.57 75.06
GTE AP 88.96 6827 77.25
GTEwneq SW 88.76 70.05 78.31
GTEwned SS 85.44 66.66 74.90
GTEuned AP 90.27 69.34 78.47
GPT-4o CoT 96.90 66.73 79.03

GPT-40 Baseline 96.09 59.54 73.56
LLaMa-3.1 Baseline 9396 52.11 67.14

hyperparameter tuning improves model performance across all configurations.
GPT-40 with CoT achieves the highest f1. (79.03) with exceptional precision
(96.90), while cross-encoders achieve competitive scores with significantly lower
computational costs. The SW strategy with GTE achieves the highest recall among
cross-encoders (70.05 for GTEeq). Table 5.7 presents the results on ELIS, where
overall performance is notably lower than on other datasets, reflecting the inherent
difficulty of this benchmark.

On ELIS5, cross-encoders consistently outperform LLMs in terms of f1., with
GTE achieving the highest score (25.76). While LLMs achieve higher precision,
their recall is significantly lower, resulting in poor overall performance. This high-
lights the advantage of cross-encoders on challenging benchmarks where LLMs
struggle to identify relevant passages. For sentence-level attribution, the evalu-
ation is conducted by inferring information entailment on 8-sentence passages
with a stride of 2 sentences, with top-k fixed to 20 for all cross-encoders. The
model tuned on synthetic data exhibits smoother behavior compared to the frozen
counterpart. GTEeq consistently outperforms both LLaMa and the untuned GTE
across all datasets. GPT-40 with both prompt variants shows similar behavior with
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Table 5.7: Answer-level context-attribution metrics on ELI5. Parameters are
reported as top-k/answer_sw/passage_sw/score_threshold.

Model Strategy Pe Te fle

GTE SW 51.32 1720 25.76
GTE SS 4728 1691 2491
GTE AP 49.54 1494 2296
GTEuneq SwW 5796 16.09 25.19
GTEupeq SS 49.88 16.97 24.92
GTEwned AP 53.61 15.17 23.65
GPT-40 CoT 81.16 12.46 21.60

GPT-40 Baseline 90.08 5.85 10.99
LLaMa-3.1 Baseline 71.83 9.12 16.19

slightly better scores for the CoT version, and is rarely outperformed by other mod-
els. Regardless of the fact that cross-encoders were not trained for sentence-level
entailment, tuning on synthetically generated data slightly improves attribution
capabilities. For in-line citations, the comparison favors LLMs that can obtain
high scores with complex prompting strategies. Manual evaluation of 30 randomly
sampled items per dataset reveals several patterns: (i) pretrained retrievers often
misclassify similar-looking passages, (ii) tuned retrievers improve but still occa-
sionally misclassify, (iii) LLaMa relies heavily on surface cues and is sometimes
misled by key entities, (iv) GPT-40 may overlook marginally mentioned but cru-
cial information, and (v) CoT can still make reasoning errors, especially with
implicit subject shifts. The tuned cross-encoder averages 2.15s/query (0.6s/query
with parallelization), yielding approximately 1,674 queries/hour. With a Tesla
T4 at $0.526/hour (AWS), this results in approximately $0.31 per 1,000 queries.
In contrast, LLM inference with GPT-40 on 1,000 queries with approximately
4M tokens costs approximately $10. Parallelism improves LLM throughput but
does not close the cost gap, making cross-encoders approximately 32x more
cost-effective.

Key Findings and Industrial Implications

The experimental analysis yields several important findings with direct implica-
tions for industrial RAG deployments. While Large Language Models are often
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the default choice for many NLP tasks, their effectiveness for context-attribution
varies significantly. For instance, open-source LLMs like LL.aMa-3.1-8B, des-
pite their strength in other areas, are generally not well-suited for this specific
task. Conversely, proprietary models such as GPT-40 provide consistently strong
performance for fine-grained sentence-level attribution; however, they become
inconsistent on answer-level attribution, losing effectiveness as the generated an-
swer length increases. Advanced prompt engineering can mitigate some of these
LLM limitations and improve overall attribution performance, provided the model
is capable of structured data generation. The impact of prompting is substan-
tial: on the TREC-RAG dataset, a baseline GPT-40 prompt performs very poorly
(achieving a 31.17 F1 score) compared to a Chain-of-Thought approach (78.74
F1). Given these constraints and the high computational overhead of LLMs, small
cross-encoders emerge as highly valid alternatives for post-generation answer-level
context-attribution. Their performance can be effectively optimized by training
on synthetically generated data, allowing for robust deployment even in scenarios
where manually annotated data is scarce or expensive to obtain. When paired
with a sliding-window strategy, cross-encoders offer the optimal balance between
attribution performance and computational efficiency across most datasets. Cru-
cially, these cross-encoders achieve comparable or even superior performance
to top-tier LLMs at a fraction of the computational cost. By offering approx-
imately 32x cost savings compared to GPT-40, they represent a highly scalable
solution for high-volume production environments. Ultimately, these findings
underscore the practicality and promise of semi-supervised cross-encoders for
robust, interpretable, and resource-efficient context-attribution, particularly within
production-oriented or specialized domains constrained by limited computational
resources and annotated data.
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Chapter 6

Conclusions and Future
Perspectives

This thesis has presented a comprehensive investigation into improving Retrieval-
Augmented Generation (RAG) pipelines for question answering over documents.
Through systematic empirical studies and the development of novel methodologies,
we have addressed critical challenges across the three fundamental components
of modern RAG systems: information retrieval, question answering with large
language models (LLMs), and system-level optimization, including chunking
strategies and source attribution. This concluding chapter synthesizes the contribu-
tions made throughout this work, discusses their scientific and industrial impact,
acknowledges prevailing limitations, and outlines promising directions for future
research.

6.1 Summary of Contributions and Impact

The contributions of this thesis span both theoretical advancements and practical
industrial applications, reflecting the dual nature of this industry-collaborative
doctoral program. By moving away from fragmented optimizations, this work
proposes a holistic approach to RAG system enhancement.
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6.1.1 Scientific Advancements

A primary focus of this research has been the systematic evaluation and en-
hancement of Information Retrieval (IR) models. As detailed in Chapter 3, our
comprehensive benchmarking of embedding models across English and Italian
addressed a significant gap in multilingual IR evaluation. We demonstrated that
state-of-the-art multilingual models achieve competitive performance across lan-
guages, consistently outperforming language-specific alternatives. Notably, our
findings suggest that architectural choices often outweigh mere parameter count
in determining model efficacy. To tackle the persistent challenge of data scarcity
in specialized domains, we subsequently introduced the SAGE (Synthetic Aug-
mentation for Guided Embeddings) framework. By leveraging LLMs to generate
high-quality training data from unlabeled corpora, SAGE enables domain-adaptive
fine-tuning that substantially outperforms general-purpose baselines, offering a
modular architecture conducive to continuous learning.

In the realm of Question Answering, Chapter 4 established a multi-dimensional
evaluation framework that goes beyond traditional metrics. Our systematic analysis
across diverse datasets highlighted a critical divergence between semantic and
syntactic metrics, confirming the inadequacy of purely lexical evaluation for
generative QA. More importantly, we identified a consistent “groundedness gap,”
revealing that current models frequently prioritize fluency over faithfulness to
source material. This investigation naturally extended to tabular data, where
we demonstrated that HTML representations consistently outperform plain text
formats across all tested models. Furthermore, our experiments established that
Pandas-based semantic parsing significantly outperforms SQL-based approaches
for complex financial tables.

Finally, we addressed critical system-level optimizations that bridge the gap
between retrieval and generation. Chapter 5 provided evidence-based guidance on
document segmentation in the era of long-context LLMs, revealing that optimal
chunking strategies are highly domain-dependent. While structured scientific con-
tent benefits from fine-grained semantic chunking, complex legal documents with
intricate cross-references favor whole-document retrieval. Complementing this,
we developed a semi-supervised cross-encoder approach for source attribution.
Trained on synthetically generated data, this methodology achieves performance
comparable to state-of-the-art proprietary LLMs but at a fraction of the computa-
tional cost, enabling efficient, verifiable QA deployment.
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6.1.2 Industrial Value and State-of-the-Art Advancement

Beyond scientific inquiry, this thesis has generated tangible value in production
environments. We introduced the RAG-Dataset format, an extension of the BEIR
schema, which standardizes multi-level relevance annotations and provenance
tracking. This format serves as the backbone for an automated continuous improve-
ment pipeline that we successfully deployed across financial, legal, and compliance
domains. By integrating retriever fine-tuning, synthetic data generation, and active
learning, this pipeline transforms static deployments into continuously learning
systems, ensuring sustained quality gains without proportional increases in human
annotation costs.

Furthermore, the deployment of our semi-supervised source attribution method-
ology has enabled compliance with strict regulatory requirements for traceability,
opening new operational domains that were previously constrained by verification
bottlenecks. Collectively, these contributions advance the state of the art by provid-
ing scalable, evidence-based solutions to bridge the gap between general-purpose
models and the stringent demands of specialized enterprise applications.

6.2 Limitations and Navigating Trade-offs

Despite these advancements, several open challenges and inherent system trade-
offs require careful navigation by system designers.

Foremost among these challenges is the persistent risk of hallucination. While
RAG systems significantly mitigate ungrounded generation compared to pure
LLM approaches, the documented “groundedness gap” indicates that absolute
factual accuracy cannot yet be guaranteed. This limitation is compounded when
systems operate across linguistic or domain boundaries. We observed substantial
performance degradation in cross-lingual scenarios and when shifting from general
to highly specialized domains (such as medical or complex legal texts). While
targeted adaptation frameworks like SAGE offer a viable mitigation strategy,
they still require computational resources and domain-specific corpora that may
not always be accessible. Furthermore, the reliance on reference-based metrics
highlights an ongoing struggle: developing reliable, automatic evaluation methods
without gold-standard answers remains a significant hurdle for scaling QA systems
in niche domains.

Designing effective RAG systems also involves managing fundamental trade-
offs. For instance, optimizing retrieval granularity often conflicts with preserving
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context coherence; finer chunking improves retrieval precision but risks fragment-
ing the semantic dependencies crucial for understanding complex documents.
Similarly, there is a constant tension between computational cost and genera-
tion quality. While long-context processing and LLM-based attribution yield
high-fidelity results, their operational costs are prohibitive for many applications.
Strategic chunking and smaller, specialized architectures offer cost-effective altern-
atives, but they demand rigorous, domain-specific tuning. Finally, while synthetic
data generation enables scalable adaptation, balancing it with human annotation
is critical to prevent the introduction of systematic biases that expert reviewers
would otherwise catch.

6.3 Future Directions

The convergence of expanded context windows, sophisticated retrieval methods,
and more capable generation models paves the way for several promising research
trajectories.

A critical technological frontier is the transition toward unified multimodal
RAG pipelines. Real-world documents are rarely plain text; integrating vision-
language models to seamlessly process text, tables, figures, and complex layouts
within a single framework will address one of the most significant limitations
of current systems. Alongside multimodal integration, future systems should
focus on adaptive retrieval strategies that dynamically adjust their methods—such
as switching between dense, sparse, or hybrid retrieval, or altering chunking
granularity—based on real-time query analysis. As context windows expand,
investigating hybrid architectures that intelligently combine targeted retrieval with
long-context processing will be essential for balancing efficiency and comprehens-
ive document understanding.

From a research perspective, closing the groundedness and cross-lingual per-
formance gaps remains paramount. Future work should explore constrained decod-
ing methods that actively verify claims against retrieved context during generation,
as well as attribution-aware training objectives. Additionally, extending RAG
capabilities to support interactive, multi-turn conversations with robust context
management and dialogue state tracking will make these systems more natural and
effective. Finally, developing comprehensive explainability mechanisms will be
crucial for enhancing user trust, ensuring that users understand not just the answer,
but the provenance and reliability of the underlying sources.
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6.4 Concluding Remarks

This thesis demonstrates that substantial improvements in RAG pipeline perform-
ance are achievable through the systematic, holistic optimization of its constituent
components. The contributions presented herein range from foundational empirical
insights—such as the efficacy of multilingual models and the domain-dependency
of chunking strategies—to robust, deployable methodologies that bridge the gap
between academic research and industrial application.

Progress in natural language processing requires a dual commitment to rigorous
scientific methodology and practical operational constraints. The benchmarking
frameworks established in this work provide reproducible baselines for future
research, while our continuous improvement pipelines offer immediately action-
able solutions for practitioners. As large language models continue to evolve, the
necessity of grounding their generative capabilities in reliable, verifiable sources
only grows more acute. The foundations laid by this research provide essential
building blocks for the next generation of intelligent document processing systems,
ensuring they can reliably extract, synthesize, and communicate knowledge from
our ever-expanding digital corpus.
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