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ABSTRACT 
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Master’s Thesis 

Tampere University 

Master’s Degree Programme In Computing Sciences 
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Natural Language to SQL (NL2SQL) systems aim to lower the technical barrier for data re-
trieval, but their practical application is often impeded by complex database schemas that exceed 
the context window of Large Language Models (LLMs). To address this limitation, Retrieval-Aug-
mented Generation (RAG) pipelines are commonly employed to provide the model with only the 
most relevant schema elements. This approach, however, introduces its own trade-offs between 
context precision and retrieval accuracy. 

This thesis evaluates these trade-offs through a rigorous empirical study. First, it details the 
construction and optimization of a high-performance RAG pipeline, featuring a hybrid retriever 
and a fine-tuned Cross-Encoder reranker that achieved 90.5% recall on the BIRD benchmark. 
Second, it presents a controlled experiment comparing this optimized RAG system against a full-
schema baseline, using a fine-tuned Qwen3-4B model for both, trained on a restricted subset of 
databases to simulate a realistic enterprise “cold-start” scenario. 

The results show a clear split in performance: the full-schema baseline demonstrated stronger 
performance on in-domain tasks, while the optimized RAG system showed superior generaliza-
tion to unseen databases, resulting in a slightly higher overall accuracy. This study analyzes this 
difference, concluding that for a benchmark like BIRD, where most schemas fit within an LLM's 
context window, the RAG pipeline's inherent retrieval error rate (~9.5%) can be a more significant 
disadvantage for in-domain tasks than the context limitation it is designed to solve. This work 
provides a crucial, evidence-based analysis of the RAG vs. full-schema trade-off, demonstrating 
that the optimal architecture is highly dependent on the specific characteristics of the data. 
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Luonnollisen kielen SQL-kyselyjärjestelmät (NL2SQL) mahdollistavat datan laajemman 
käytön, mutta niiden käytännön soveltamista vaikeuttavat usein monimutkaiset tietokantojen 
skeemat, jotka ylittävät suurten kielimallien (LLM) konteksti-ikkunan. Tämän rajoituksen 
ratkaisemiseksi käytetään yleisesti tiedonhakuun perustuvia generointiputkia (Retrieval-
Augmented Generation, RAG), jotka antavat mallille vain oleellisimmat skeeman osat. Tämä 
lähestymistapa tuo kuitenkin mukanaan omat kompromissinsa kontekstin tarkkuuden ja 
tiedonhaun osuvuuden välillä. 

Tässä diplomityössä arvioidaan näitä kompromisseja tarkan empiirisen tutkimuksen avulla. 
Ensinnäkin työssä kuvataan yksityiskohtaisesti suorituskykyisen RAG-putken rakentaminen ja 
optimointi, joka sisältää hybridimallisen tiedonhakijan (hybrid retriever) sekä hienosäädetyn 
Cross-Encoder-uudelleenjärjestäjän (reranker), ja joka saavutti 90,5 %:n recall-arvon BIRD-
vertailuaineistolla. Toiseksi työssä esitellään kontrolloitu koe, jossa tätä optimoitua RAG-
järjestelmää verrataan täyden skeeman perusmalliin (full-schema baseline). Molemmat 
järjestelmät perustuivat hienosäädettyyn Qwen3-4B-kielimalliin, joka koulutettiin rajoitetulla 
tietokanta-alijoukolla realistisen yritystason “cold-start”-ongelman simuloimiseksi. 

Tulokset osoittavat selkeän eron järjestelmien suorituskyvyssä: täyden skeeman perusmalli 
suoriutui paremmin sille opetetun datan tehtävissä (in-domain), kun taas optimoitu RAG-
järjestelmä yleisti paremmin ennestään tuntemattomiin tietokantoihin, mikä johti hieman 
korkeampaan kokonaistarkkuuteen. Tämä tutkimus analysoi tätä eroa ja tekee johtopäätöksen, 
että BIRDin kaltaisessa vertailuaineistossa, jossa useimmat skeemat mahtuvat kielimallin 
konteksti-ikkunaan, RAG-putken luontainen tiedonhaun virhetaso (noin 9,5 %) voi olla 
merkittävämpi haitta opetetun datan tehtävissä kuin se kontekstirajoitteen ongelma, jota varten 
se on suunniteltu. Tämä työ tarjoaa tärkeän, todisteisiin perustuvan analyysin RAG- ja täyden 
skeeman lähestymistapojen välisestä kompromissista ja osoittaa, että optimaalinen arkkitehtuuri 
on vahvasti riippuvainen datan erityispiirteistä. 
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USE OF AI IN THESIS 

 
I have utilised AI tools in my thesis: 
 

☐  No  

☒  Yes 

 
The AI tools utilised in my thesis and their purposes are described below: 
 
 
Names and versions of AI tools: 

1. Google Gemini 2.5 & 3 Pro 
2. Google Gemini 2.5 Flash 
3. Google Gemini 2.5 Flash-Lite 
4. OpenAI ChatGPT (GPT-4o model) 

 
Purpose of using AI tools:  

 
1. Programmatic Data Enrichment (Gemini 2.5 Flash & Flash-Lite): The Gemini API was 

used in a custom Python script to systematically generate natural language descriptions 
for every table schema in the BIRD benchmark. This was a data preparation step 
designed to enrich the raw CREATE TABLE statements with semantic context for the 
RAG pipeline. 

2. Code Development and Debugging (Gemini 2.5 & 3 Pro): The conversational AI 
served as a programming assistant during the development of the project's Python 
codebase. This involved generating code snippets for specific tasks, such as interacting 
with APIs and parsing database files, as well as assisting in the debugging of complex 
scripts used for model training and evaluation. 

3. Interactive Writing and Research Assistance (Gemini 2.5 & 3 Pro): A conversational 
AI was used as an interactive assistant throughout the research and writing process. Its 
primary functions included structuring the thesis, drafting and revising content, clarifying 
complex topics, and refining the study’s core arguments. 

4. Preliminary Idea Generation (ChatGPT-4o): In the very early stages of the project, 
ChatGPT-4o was utilized for preliminary idea generation and initial research before the 
primary research and thesis structure were formally defined. 

 
Sections where AI tools were used:   

1. Python Scripts for Methodology: The conversational AI assisted in the 
development of the Python scripts used for schema augmentation, data 
preparation, model fine-tuning, and final evaluation, as described throughout 
Chapter 3. 

2. Chapter 3: Methodology (Data Enrichment): The programmatic use of the 
Gemini API is described in Section 3.2.1, "Schema Augmentation with 
Generative AI." 

3. All Chapters (Writing and Structuring): The conversational AI was used as a 
writing and editing assistant across all chapters (1 through 5) to help structure 
arguments, refine language, and ensure clarity throughout the thesis. 

 
I acknowledge that I am fully responsible for the entire content of my thesis, including the parts 
generated by AI, and accept accountability for any violations of ethical standards in publica-
tions. 
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1. INTRODUCTION 

1.1 Background and Motivation 

Data has become a critical asset in modern business, fundamentally reshaping how or-

ganizations operate and make strategic decisions. Enterprises across virtually every sec-

tor accumulate vast amounts of information within complex relational databases, captur-

ing everything from customer transactions to operational logistics. The effective analysis 

of this data provides invaluable insights, drives innovation, and can offer a substantial 

competitive advantage. However, accessing this information is often restricted by a tech-

nical barrier: the requirement to be proficient in Structured Query Language (SQL). This 

dependency creates a bottleneck, where domain experts, managers, and analysts who 

possess the critical business questions must rely on data specialists to translate their 

inquiries into functional code. This accessibility gap hinders the agility of decision-making 

processes and limits the potential for widespread data-driven discovery within an organ-

ization [1]. 

Natural Language to SQL (NL2SQL) technology presents a compelling solution to this 

challenge. The core promise of NL2SQL is to democratize data access by enabling users 

to interact with complex databases using natural, everyday language. Recent advance-

ments in the field of artificial intelligence, particularly the development of powerful Large 

Language Models (LLMs), have brought this vision closer to reality. These models exhibit 

remarkable capabilities in understanding human language and generating code [2], sug-

gesting a high potential for bridging the gap between human questions and database 

answers. 

1.2 The Problem Statement 

Despite the significant potential of modern LLMs, their direct application to enterprise 

databases often falls short of practical requirements. The transition from controlled aca-

demic benchmarks to real-world, operational environments exposes two fundamental 

and interconnected challenges that severely degrade performance. The first is the issue 

of schema complexity.  
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Enterprise databases are rarely simple or well-documented; they frequently consist of 

hundreds or even thousands of tables and columns, many of which have cryptic, abbre-

viated names or reflect nuanced, undocumented business logic. Presenting this entire, 

massive schema as context to an LLM is not only impractical due to input size limitations 

but also counterproductive, as it can overwhelm the model and lead to the generation of 

incorrect or hallucinatory SQL queries. 

The second challenge is the pervasive scarcity of domain-specific training data. In a typ-

ical enterprise setting, no pre-existing set of natural language questions and their verified 

SQL counterparts exists to effectively fine-tune a model. This "cold-start" problem, com-

bined with schema complexity, creates a significant research gap [3]. There is a need for 

an effective framework that can be adapted to a complex database in a low-resource 

environment. To investigate this problem in a controlled and reproducible manner, this 

thesis utilizes the BIg Bench for Large-Scale Database Grounded Text-to-SQL (BIRD) 

benchmark [4]. BIRD is a large-scale, cross-domain dataset specifically designed to mir-

ror this real-world complexity, featuring a diverse collection of intricate schemas. It serves 

as a suitable and challenging testbed for developing a methodology intended to be viable 

in a real enterprise setting. 

1.3 Research Objectives 

The primary objective of this thesis is to design, implement, and evaluate a framework 

that provides a viable pathway for developing high-accuracy NL2SQL systems in com-

plex, low-resource enterprise environments. This goal is defined by the following re-

search questions: 

 How can a system effectively identify and retrieve the most relevant subset of 

schema context when faced with a large, complex, and potentially unfamiliar da-

tabase? 

 To what extent does a multi-stage fine-tuning process improve a model's ability 

to generate correct SQL for specific, complex database domains? 

 Can a framework combining an optimized retriever and a specialized LLM 

achieve a level of performance on a challenging public benchmark that is reliable 

enough to be considered a viable solution for real-world deployment? 

 How does the performance of an optimized RAG pipeline compare to a full-

schema baseline on a complex benchmark like BIRD, and what are the practical 

trade-offs between these two approaches? 
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1.4 Scope and Delimitations 

To ensure a focused and achievable research project, the scope of this thesis is defined 

by several key boundaries. The research concentrates on the generation of SELECT 

queries, as these constitute the vast majority of analytical use cases in a business con-

text. Transactional query types, such as INSERT, UPDATE, and DELETE, are consid-

ered out of scope. The system is designed and evaluated using the BIRD benchmark, a 

challenging, cross-domain dataset for NL2SQL. Using a public benchmark for all stages 

of development and testing ensures that the methodologies and results presented in this 

thesis are publicly reproducible. 

The primary metric for evaluating system performance is Execution Accuracy (EX), which 

determines whether a generated SQL query runs without error and produces the correct 

result as validated against a ground-truth query [5]. The study does not address the 

challenge of schema evolution, meaning it does not investigate how the system might 

adapt to changes made to the database schema over time. The work focuses on the 

design and validation of the NL2SQL framework. 

Crucially, this research adopts a strict evaluation setting without "External Knowledge 

Evidence." As defined in the BIRD methodology [4], this evidence explicitly provides 

models with Numeric Reasoning (formulas), Domain Knowledge (business definitions), 

Synonym Knowledge, and Value Illustrations to map natural language to database val-

ues. While the benchmark authors demonstrate that feeding this evidence leads to clear 

improvements across all difficulty levels [4], this information was deliberately excluded 

from all system inputs in this study. This exclusion ensures the system is evaluated on 

its ability to infer business logic solely from the natural language question and database 

schema, simulating a realistic enterprise "cold-start" environment where such expert an-

notations are unavailable. 

1.5 Contributions 

The primary contributions of this thesis are as follows: 

 The design and implementation of a stable, end-to-end NL2SQL framework fea-

turing a multi-stage optimization process for both the retrieval and generation 

components of a RAG pipeline. 

 A quantitative demonstration that fine-tuning a specialist Cross-Encoder reranker 

is a critical step, significantly improving context retrieval recall and enabling 

higher downstream task accuracy. 
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 A detailed performance analysis on the BIRD benchmark, providing a clear com-

parison of the proposed system against baseline methods and offering insights 

into the trade-off between in-domain specialization and out-of-domain generali-

zation. 

 An empirical analysis of the trade-offs between a RAG pipeline and a full-schema 

baseline. This provides evidence that while the full-schema approach is highly 

effective for in-domain specialization, the optimized RAG system provides supe-

rior generalization and higher overall performance on unseen databases, demon-

strating its value as a more scalable and reliable solution. 

1.6 Thesis Outline 

The remainder of this thesis is structured as follows. Chapter 2 reviews the relevant lit-

erature in the fields of NL2SQL and Retrieval-Augmented Generation. Chapter 3 details 

the full methodology, including the RAG knowledge base construction, the data splitting 

procedure, the multi-stage fine-tuning process, and the experimental setup. Chapter 4 

presents and analyzes the quantitative and qualitative results of the experiments, cover-

ing the comparative analysis of architectures, the impact of retrieval components, and 

the system’s scalability. Finally, Chapter 5 concludes the thesis by summarizing the find-

ings, discussing their implications, and suggesting directions for future work. 
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2. LITERATURE REVIEW 

This chapter provides a comprehensive review of the existing body of research that forms 

the foundation for this thesis. The primary objective is to survey the evolution of Natural 

Language to SQL (NL2SQL) systems, explore the critical methodologies for context re-

trieval and model specialization, and identify the specific research gap that this work 

aims to address. The review is structured to cover four key areas: the historical develop-

ment of NL2SQL, the emergence of Retrieval-Augmented Generation (RAG) as a solu-

tion for contextual understanding, the challenges of database schema representation, 

and the strategies for specializing Large Language Models through fine-tuning. 

2.1 The Evolution of NL2SQL Systems 

The quest to enable natural language interaction with databases is not a new endeavor. 

Early approaches to NL2SQL relied heavily on manually crafted rules and semantic pars-

ing systems. These systems required extensive domain-specific knowledge engineering 

and were often brittle, struggling to handle the linguistic variation inherent in human lan-

guage. While effective in constrained environments, their lack of scalability and high 

maintenance cost limited their widespread adoption [3]. 

The advent of deep learning marked a significant paradigm shift. Early neural network 

models, particularly those based on sequence-to-sequence architectures with Long 

Short-Term Memory (LSTM) networks, demonstrated the ability to learn the mapping 

between natural language and SQL from data, reducing the need for manual rule crea-

tion [6]. However, these early models often struggled with schema linking, prompting a 

move toward more robust architectures. 

The introduction of the Transformer architecture further revolutionized the field, with 

models like T5 and BART setting new performance benchmarks by leveraging attention 

mechanisms to better capture long-range dependencies in both the natural language 

question and the SQL query [7]. This progression in model architecture was paralleled 

by an evolution in benchmarks, moving from simple, single-table datasets like WikiSQL 

to complex, cross-domain challenges like Spider, forcing models to learn structural gen-

eralization rather than simple pattern matching [8]. 
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The contemporary research landscape is dominated by Large Language Models (LLMs), 

whose vast pre-training on diverse text and code corpora has endowed them with un-

precedented capabilities in language understanding and code generation, making them 

a powerful foundation for modern NL2SQL systems [3]. These capabilities are now fre-

quently adapted to complex, real-world schemas, such as those found in the BIRD 

benchmark, through techniques like Parameter-Efficient Fine-Tuning (PEFT), marking 

the transition from purely structural parsing to semantic reasoning over data [4], [9]. 

2.2 Advanced Prompting and Reasoning Strategies 

While the transition to Large Language Models provided a significant advancement in 

code generation, raw model scale alone is often insufficient for complex database rea-

soning. To address this, researchers have investigated advanced prompting strategies 

that guide the model's reasoning process rather than relying solely on pattern matching. 

2.2.1 Few-Shot Learning and In-Context Learning 
Initial advancements leveraged In-Context Learning (ICL), where the model is provided 

with a set of example pairs (e.g., Natural Language Question, SQL Query) within the 

prompt itself. This "Few-Shot" approach allows the model to recognize patterns and 

adapt to the specific SQL dialect without updating its weights. Research has shown that 

the selection of these examples is critical; simply providing random examples is often 

ineffective. Instead, retrieving examples that are semantically similar to the target ques-

tion, based on vector similarity, yields improved performance, as it conditions the model 

on relevant logic patterns [10]. 

2.2.2 Chain-of-Thought Reasoning 
A subsequent development is Chain-of-Thought (CoT) prompting [11]. In standard "di-

rect" prompting, the model attempts to map the natural language input directly to the 

SQL output. For multi-hop queries, such as those requiring joins across three or more 

tables, this leap is often too large, resulting in logic errors. CoT prompts the model to 

generate an intermediate reasoning step, effectively decomposing the problem into 

smaller, manageable logical units (e.g., "First, identify the relevant tables; second, deter-

mine the join conditions; finally, apply the filtering constraints"). 
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While original CoT methods relied on manually written reasoning examples, subsequent 

work demonstrated that LLMs are capable of "Zero-Shot" reasoning. By simply append-

ing a trigger phrase like "Let's think step by step" to the prompt, models can self-generate 

these reasoning chains, significantly reducing hallucination in code generation tasks, 

particularly for complex schemas [12]. This deductive capability is central to the strate-

gies explored in this thesis for ensuring logical correctness in complex database envi-

ronments. 

2.3 Retrieval-Augmented Generation for Contextual Un-
derstanding 

Despite their impressive general capabilities, LLMs possess no inherent knowledge of 

private, proprietary information, such as the specific database schema of an enterprise. 

To generate an accurate query, the model must be provided with the relevant context of 

the target database at inference time. Retrieval-Augmented Generation (RAG) has be-

come a prominent architectural pattern to address this problem. In a RAG system, an 

external knowledge source (in this case, the database schema information) is used to 

augment the prompt sent to the LLM [13]. 

A typical RAG pipeline for NL2SQL involves an indexing phase, where the database 

schema is broken down into smaller, meaningful chunks (e.g., information about individ-

ual tables or columns) which are then converted into numerical vector embeddings. Dur-

ing the retrieval phase, a user's natural language question is embedded into the same 

vector space, and a similarity search is performed to find the most relevant schema 

chunks. These chunks are then inserted into the prompt to provide the LLM with the 

necessary context. However, basic semantic retrieval can be limited; it may fail to retrieve 

relevant schema elements if the user's query uses keywords that are not semantically 

close but are lexically important. To overcome this, hybrid retrieval techniques have been 

developed. These methods combine dense (semantic) retrieval with traditional sparse, 

keyword-based search (such as BM25), creating a more effective system that captures 

both semantic relevance and lexical matches [3]. A further refinement involves a second-

stage reranker. While the initial hybrid retrieval stage is optimized for speed and recall 

over thousands of potential schema items, the reranker meticulously re-evaluates a 

smaller set of top candidates to ensure high precision before passing the context to the 

LLM [14]. 
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For this task, Cross-Encoder models are particularly powerful. Unlike other models that 

compare the question and schema item separately, a Cross-Encoder processes the 

question and a candidate schema chunk together as a single input [15]. This joint pro-

cessing allows the model to perform a deeper, more contextual analysis of their relation-

ship, resulting in a much more accurate relevance score. This precision is essential for 

isolating the correct context for complex queries and forms the basis of the optimization 

strategy in this thesis. 

2.4 Schema Representation and Linking 

A fundamental challenge in NL2SQL is determining how to best represent a complex 

database schema for an LLM. The most straightforward method involves serializing the 

schema into CREATE TABLE statements. This approach, however, often fails to capture 

the subtle semantics and business logic embedded within the database. Consequently, 

research has explored enriching this representation with additional metadata, such as 

natural language descriptions for tables and columns, information on primary and foreign 

key relationships, and examples of data values [5]. 

Closely related to representation is the task of schema linking: the process of correctly 

identifying which tables and columns in the schema are relevant to the entities and rela-

tionships mentioned in the natural language question. For instance, for the query "show 

me the top-performing employees," the system must correctly link "employees" to the 

Employees table and "top-performing" to a metric derived from a column like sales_vol-

ume. Effective schema linking is a prerequisite for generating correct SQL, and the ac-

curacy of the retrieval step in a RAG pipeline is the primary determinant of its success 

[5]. 

2.4.1 Parameter-Efficient Fine-Tuning (PEFT) 
While full fine-tuning, updating all parameters of a model, has traditionally been the 

standard for performance, it presents significant challenges for LLMs. Beyond the high 

computational cost, full fine-tuning on small, domain-specific datasets can lead to "cata-

strophic forgetting," where the model loses its general reasoning capabilities. 

To mitigate this, Parameter-Efficient Fine-Tuning (PEFT) methods have been developed. 

The most prominent among these is Low-Rank Adaptation (LoRA) [9]. LoRA freezes the 

pre-trained model weights and injects trainable rank decomposition matrices into each 

layer of the Transformer architecture. Mathematically, for a pre-trained weight matrix 𝑊0, 

the update is constrained by a low-rank 𝑊0 + Δ𝑊 = 𝑊0 + 𝐵𝐴, where 𝐵 and 𝐴 are matri-

ces of rank 𝑟 ≪ 𝑑. 
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This approach reduces the number of trainable parameters by orders of magnitude, often 

less than 1% of the original model size, while retaining performance comparable to full 

fine-tuning. More recently, QLoRA [16] combined LoRA with 4-bit quantization, demon-

strating that it is possible to fine-tune large models (e.g., 32B parameters) on consumer-

grade hardware without degrading the model's predictive performance. This democrati-

zation of fine-tuning is central to addressing the "cold-start" problem in enterprise envi-

ronments efficiently. 

2.5 Evaluation Metrics in NL2SQL 

Determining the correctness of a generated SQL query is a complex challenge in the 

field, primarily involving a debate between syntactic and semantic correctness. 

2.5.1 Exact Set Match (EM) 
Earlier benchmarks, such as Spider, relied heavily on Component Matching or Exact Set 

Match accuracy. This metric compares the generated SQL tokens directly against the 

ground-truth SQL. However, SQL is a declarative language, meaning the same result 

can be achieved through multiple syntactically different queries (e.g., using a JOIN ver-

sus a subquery, or changing the order of conditions in a WHERE clause). Consequently, 

Exact Match often penalizes valid queries, leading to an underestimation of system per-

formance [8]. 

2.5.2 Execution Accuracy (EX) 
To address the limitations of syntactic comparison, this thesis follows the modern stand-

ard of Execution Accuracy (EX) as the standard metric, particularly for the BIRD bench-

mark. EX executes both the generated query and the ground-truth query on the actual 

database and compares the returned result sets. If the results are identical, the query is 

deemed correct. 

While generally reliable, EX is not without flaws; it is susceptible to "false positives," 

where an incorrect query coincidentally returns the correct result (e.g., returning 0 or 

NULL due to a logic error that happens to match the ground truth). To mitigate this, 

benchmarks like BIRD employ "database content randomization" or extensive test suites 

to minimize the probability of coincidental matches [4]. 
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2.6 Model Specialization via Fine-Tuning 

While a RAG system provides essential context, a general-purpose LLM often benefits 

from specialization to understand the specific nuances of a complex domain. Fine-tuning 

is the process of further training a pre-trained model on a smaller, task-specific dataset. 

This adapts the model's knowledge, teaching it to recognize specific query patterns and 

data structures, such as those present in the BIRD benchmark. Public benchmarks like 

BIRD provide an ideal resource for this task, offering a large corpus of high-quality, hu-

man-validated pairs of natural language questions and their corresponding SQL queries. 

This allows for a supervised fine-tuning approach that is both effective and reproduci-

ble[2]. 

This thesis introduces a multi-stage fine-tuning strategy, which extends this principle be-

yond just the generator model. The core hypothesis is that the final query generation 

quality is fundamentally dependent on the quality of the retrieved context. Therefore, the 

framework first fine-tunes the embedding model to improve the Initial Recall of relevant 

schema items. Subsequently, the reranker model is fine-tuned to specialize it for the task 

of precise schema ranking. Finally, the generator LLM is fine-tuned using the clean, ac-

curate context provided by this specialized retrieval and reranking pipeline. This sequen-

tial process is designed to create a synergistic relationship between the pipeline's com-

ponents. 

2.7 The BIRD Benchmark and Leaderboard Landscape 

The BIRD benchmark [4] is a prominent evaluation standard for database-grounded text-

to-SQL tasks. Unlike previous benchmarks such as Spider [8], which focused primarily 

on schema linking and semantic parsing on relatively small databases, BIRD empha-

sizes the execution accuracy of queries on large, noisy, and complex real-world data-

bases. 
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2.7.1 Dataset Structure and Leaderboard Mechanics  
To ensure rigorous evaluation and prevent overfitting, the BIRD benchmark is partitioned 

into three distinct subsets [4]: 

 Train Set: A public dataset containing approximately 95 databases and over 

12,000 question-SQL pairs, intended for model training. 

 Dev Set: A public validation set containing different databases that are entirely 

distinct from those in the training set. This is typically used by researchers for 

local development, debugging, and hyperparameter tuning. 

 Test Set: A private, held-out dataset accessible only to the benchmark 

organizers. To obtain an official leaderboard ranking, researchers must submit 

their model's predictions to the benchmark organizers, who run the models 

against this hidden test set to prevent "data leakage" or overfitting. 

2.7.2 Leaderboard Metrics and The Current Landscape 
The official BIRD leaderboard ranks models based on two primary metrics: Execution 

Accuracy (EX) and Valid Efficiency Score (VES) [4]. While EX measures the correctness 

of the result set, VES introduces a computational efficiency constraint, penalizing queries 

that are accurate but computationally expensive. 

As of the time of writing, the BIRD leaderboard is dominated by systems leveraging mas-

sive proprietary Large Language Models (LLMs), such as GPT-4o and Gemini, often 

combined with agentic workflows or iterative self-correction mechanisms [3]. These top-

tier systems typically achieve Execution Accuracy scores exceeding 60%. However, 

these results rely on the full utilization of the massive BIRD training corpus (comprising 

over 90 databases and 12,000+ query pairs) and computationally heavy inference strat-

egies. 

This creates a distinction in the literature between "resource-intensive" high-performance 

systems and "low-resource" or "efficient" approaches [3]. While the former aims to push 

the absolute ceiling of performance regardless of cost or data availability, this thesis in-

vestigates the latter approach, focusing on the viability of smaller, deployable models in 

environments where training data is scarce and computational resources are finite. 
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2.8 Identifying the Research Gap 

The existing literature confirms that Retrieval-Augmented Generation (RAG) is the stand-

ard architecture for handling large schemas and that fine-tuning is an effective method 

for model specialization. However, research predominantly focuses on optimizing the 

individual components of the RAG pipeline to improve its performance, operating under 

the implicit assumption that a retrieval-based approach is always superior for complex 

databases. 

A research gap exists in the empirical evaluation of this fundamental assumption. There 

is a lack of analysis on the practical trade-offs between a complex RAG system and a 

simpler, full-schema baseline, particularly for benchmarks like BIRD where schemas are 

intricate but often still fit within a model's context window. It is not well-established at 

what point the performance benefits of a sophisticated RAG pipeline are outweighed by 

its inherent risk of retrieval error. 

This thesis addresses this gap by providing a direct, evidence-based comparison. By 

first constructing a highly optimized RAG system and then evaluating it against a fine-

tuned, full-schema model, this work investigates the practical trade-offs of these two ar-

chitectures. The novelty lies not just in the optimization of the pipeline, but in the analysis 

of these trade-offs, offering crucial insights into when each architecture is the optimal 

solution. 



13 
 

3. METHODOLOGY 

This chapter details the systematic approach taken to design, implement, and evaluate 

the proposed NL2SQL framework on the BIRD benchmark [4]. The methodology is en-

gineered to create a synergistic relationship between the retrieval and generation com-

ponents of the system through a novel multi-stage fine-tuning process. 

3.1 System Architecture Overview 

The proposed NL2SQL system is a multi-stage RAG pipeline that transforms a user's 

question into an executable SQL query. The architecture ensures that the LLM is pro-

vided with precise, relevant context to maximize accuracy. The complete system work-

flow is illustrated in Figure 1. 

 

Figure 1. The Multi-Stage Optimized RAG Architecture 
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The process flows as follows: 

1. Hybrid Retrieval: The user's question is sent to a hybrid retriever composed of 
a sparse retriever (BM25 [17]) and a dense retriever (a fine-tuned Qwen3-Em-
bedding-0.6B model) [18] to fetch an initial set of candidate schema chunks. 

2. Specialist Reranking: The candidates are re-scored by a fine-tuned Cross-En-
coder based on the BAAI/bge-reranker-large model [14] to select the top-k most 
relevant items. 

3. Prompt Construction: The top-k schema chunks and the user's question are 
formatted into a prompt. 

4. SQL Generation: The prompt is passed to a fine-tuned Qwen3-4B LLM [19] to 
generate the final SQL query. 

3.2 RAG Knowledge Base Construction 

A foundational step in the methodology was the construction of a comprehensive, uni-

versal knowledge base for the Retrieval-Augmented Generation (RAG) pipeline. The ob-

jective was to create a single, unified retriever capable of sourcing schema information 

from all databases within the BIRD benchmark. This approach ensures that the system 

can provide relevant context for both in-domain questions (from databases the model 

was fine-tuned on) and out-of-domain questions (from unseen databases), enabling a 

fair and rigorous evaluation of the model's generalization capabilities. 

The process began by systematically parsing the schema of each database. In alignment 

with the scope defined in Section 1.4, the evidence field provided in the source files was 

strictly excluded from the retrieval indexing and prompt generation processes. Although 

a column-level chunking strategy was initially implemented, this was revised in favor of 

a table-level chunking strategy. This decision was driven by the observation that column-

level retrieval fragmented the schema context, often isolating columns while missing the 

primary and foreign key definitions essential for constructing valid multi-table joins. In-

stead of deconstructing schemas into individual columns, the complete CREATE TABLE 

statement for each table was treated as a single, self-contained document or "chunk." 

As detailed in the following section, each of these statements was also augmented with 

a rich, LLM-generated description of the table's purpose. This strategy guarantees that 

when a table is identified as relevant, the LLM receives its complete definition, including 

all its columns, which is crucial for generating complex queries. 
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Once the complete set of table-level chunks was prepared, they were converted into a 

numerical format suitable for semantic search. The Qwen/Qwen3-Embedding-0.6B 

model [18] was used to transform each text chunk into a high-dimensional vector em-

bedding, capturing its semantic meaning. These vectors were subsequently indexed us-

ing the FAISS (Facebook AI Similarity Search) library [20], a highly efficient system for 

similarity search in large-scale vector datasets. 

The outcome of this procedure is a set of persistent files: a FAISS index and correspond-

ing JSON files containing the chunk metadata, which constitute the complete, reusable 

knowledge base for the RAG system. This indexed knowledge base allows the retrieval 

pipeline to perform fast and accurate semantic searches across the schemas of the en-

tire BIRD benchmark at inference time. 

3.2.1 Schema Augmentation with Generative AI 
To enrich the semantic content of the schema, the raw CREATE TABLE statements were 

first augmented with natural language descriptions. A custom script was developed to 

iterate through every table in the BIRD benchmark, using the Google Gemini API (Gemini 

2.5 Flash for approximately half of the databases and Gemini 2.5 Flash-Lite for the re-

mainder [21]) to generate a concise explanation of each table's purpose. This generated 

description was then combined with the table's CREATE TABLE statement. Each final 

schema chunk processed by the pipeline therefore contained both the technical SQL 

definition and its rich semantic description, ensuring it was available for both the retriever 

and the reranker. 

3.2.2 Data Splitting Strategy 
To ensure all methods and results are reproducible, this research exclusively uses the 

BIRD benchmark. BIRD is a large-scale, cross-domain dataset designed to test NL2SQL 

systems against complex databases and queries. The BIRD training set is used for fine-

tuning system components, and the development set is used for final evaluation. 

A key objective of this thesis is to evaluate a specialist model on both its trained domains 

and on unseen domains. However, the official BIRD benchmark is structured such that 

the development set (dev.json) contains questions on databases that are entirely sepa-

rate from those in the train.json file.  
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To facilitate a more comprehensive evaluation, a custom data split was created. This 

procedure involved three key steps: 

1. Isolating In-Domain Data: All question-query pairs corresponding seven target 
databases designated for specialization (movie_platform, cookbook, men-
tal_health_survey, regional_sales, airline, retail_world, and chicago_crime) were 
filtered from the official train.json. 

2. Creating a Hold-Out Set: This isolated data was then split, with 85% reserved 
for a new training file (train_custom.json) and the remaining 15% set aside as a 
held-out in-domain validation set. 

3. Building a Combined Test File: This new in-domain validation set was merged 
with the official dev.json to create a single, comprehensive test file named 
dev_combined.json. 

This process ensures that the final evaluation provides a complete picture, measuring 

both in-domain and out-of-domain performance. 

It is noteworthy that the initial phase of this research involved the manual creation of a 

domain-specific dataset for the motivating enterprise use-case. While this curated da-

taset demonstrated the real-world process of solving the “cold-start” problem, the deci-

sion was made to conduct the final, formal experiments on the BIRD benchmark to en-

sure the findings are publicly reproducible and verifiable. 

3.3 The Multi-Stage Fine-Tuning Process 

A key contribution of this work is a three-stage fine-tuning strategy that sequentially op-

timizes the RAG pipeline's components. 

3.3.1 Stage 1: Fine-Tuning the Retriever Embedding Model 
The initial stage enhances the primary retrieval of database schemas. A bi-encoder em-

bedding model, Qwen/Qwen3-Embedding-0.6B [18], was fine-tuned on the custom sub-

set of seven databases (as defined in Section 3.2.2) from the BIRD dataset [4] to spe-

cialize in identifying relevant table schemas for a given natural language question. The 

training data consisted of positive pairs (question, relevant table schema) and negative 

pairs (question, irrelevant table schema). Each table's CREATE TABLE statement was 

augmented with an LLM-generated description to provide richer semantic context. The 

model was trained using a contrastive loss function, teaching it to map questions and 

their corresponding relevant schemas to close vectors in the embedding space. This 

process created a highly efficient retriever, optimized to select a strong set of initial can-

didates for the next stage. 
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3.3.2 Stage 2: Fine-Tuning the Cross-Encoder Reranker 
The second stage focuses on refining the context retrieval. A Cross-Encoder model was 

fine-tuned on the custom subset of seven databases from the BIRD training set [4] to 

become a specialist at identifying relevant schema for NL2SQL tasks. The training data 

consisted of (question, schema_chunk, relevance_label) triplets, where the label indi-

cates if the schema chunk is required for the ground-truth SQL query. This process cre-

ated a highly accurate reranker capable of delivering a precisely filtered context to the 

next stage. 

To identify the top-performing model, a variety of reranker models were evaluated. This 

included models from the BGE family and a modified version of the Qwen3-Reranker-

0.6B adapted for sequence classification. All models were fine-tuned as Cross-Encoders 

using the sentence-transformers library on the full training dataset for a single epoch. 

While key hyperparameters, such as the effective batch size, were adjusted to align with 

the best practices for each respective architecture, this unified training framework en-

sured a fair and direct comparison between the different models. 

3.3.3 Stage 3: Fine-Tuning the Generator LLM 
The third stage specializes the generator model. The Qwen3-4B model was fine-tuned 

using the Low-Rank Adaptation (LoRA) technique [9]. Critically, the training data for this 

stage was generated using the optimized reranker from Stage 2. Each training instance 

was a tuple of (question, retrieved_context, ground_truth_SQL), where retrieved_context 

was the precise output from the newly specialized reranker. This trains the LLM to effec-

tively reason over the exact type of clean, minimal context it will see during inference. 

3.3.4 Fine-Tuning Efficiency with QLoRA 
To adapt the Qwen3-4B model, this study employed the Quantized Low-Rank Adaptation 

(QLoRA) [16] technique, a highly efficient fine-tuning method that significantly reduces 

computational and memory requirements. QLoRA integrates several key strategies to 

make the fine-tuning of large models feasible on consumer-grade hardware. 

The primary mechanism for memory reduction is 4-bit NormalFloat (NF4) Quantization. 

The model's pre-trained weights are quantized down to a 4-bit NF4 data type, which is 

specifically optimized for the normal distribution of weights in neural networks. While 

weights are stored in 4-bit precision, all mathematical computations during training are 

performed using a higher-precision 16-bit Brain Floating Point (bfloat16) format to ensure 

numerical stability. 
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Finally, a paged optimizer (paged_adamw_32bit) was utilized to prevent out-of-memory 

errors by dynamically moving the optimizer's states between the GPU's VRAM and the 

host system's RAM. The synergistic application of these techniques was critical to the 

successful execution of the experiments in this thesis [16]. 

To further manage the significant VRAM requirements of the larger models used in this 

research, such as the Qwen3-4B LLM, gradient checkpointing was enabled during all 

fine-tuning stages. Gradient checkpointing is a memory-optimization technique that 

trades a small amount of computational overhead for a substantial reduction in memory 

usage. It achieves this by re-calculating intermediate activations during the backward 

pass instead of storing them all in memory [22]. This memory-optimization strategy was 

implemented to maintain high performance and ensure training stability for the larger 

models. 

3.3.5 Training Strategy and Reproducibility 
Training on complex, multi-domain datasets like BIRD can often result in a noisy valida-

tion loss, where performance fluctuates between evaluation steps. A simple early stop-

ping callback without a buffer could halt training prematurely during a random perfor-

mance dip, even if the model has not yet fully converged. 

To mitigate this known risk and ensure a stable training process, an early stopping mech-

anism was implemented with a patience of 3 epochs. This configuration provides a nec-

essary buffer, allowing training to continue through minor performance drops while still 

preventing significant overfitting. A maximum of 5 epochs was set as an upper bound for 

all training runs. While this strategy was applied to the generator models, it is important 

to note the differences in the reranker training and checkpointing strategies, as detailed 

in Section 3.4.2. 

3.4 Experimental Design 

To rigorously evaluate the trade-offs between the RAG and full-schema approaches, two 

primary systems were developed and fine-tuned. The final evaluation was then per-

formed across three distinct configurations to isolate the impact of each optimization 

stage. 
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3.4.1 The Comparative Systems 
 System 1: The Full-Schema Baseline. This system consists of a Qwen3-4B 

model that was fine-tuned directly on the full database schema. For each instance 

in the training data, the model was provided with the user question, the complete 

CREATE TABLE statements for the relevant database, and the ground-truth SQL 

query. This represents a non-retrieval approach where the model is trained to 

find relevant information from the entire schema. Consistent with the project's 

scope, the external knowledge evidence field was omitted from these training 

inputs to ensure a fair, "no-evidence" comparison with the RAG system. 

 System 2: The Optimized RAG System. This is the full, multi-stage pipeline 

detailed in Section 3.4. It uses a fine-tuned retriever (Stage 1), a fine-tuned re-

ranker (Stage 2), and a Qwen3-4B model fine-tuned specifically on the precise 

context provided by the optimized reranker (Stage 3). 

3.4.2 Evaluation Configurations 
The final evaluation on the dev_combined.json test set was conducted using the follow-

ing configurations: 

1. Configuration A (Full-Schema Baseline): This uses the fine-tuned Full-

Schema model (System 1). This is the primary system for comparison against 

the optimized RAG pipeline. 

2. Configuration B (Simple RAG): This configuration uses the RAG pipeline with 

a generic, off-the-shelf Cross-Encoder reranker and the base (not fine-tuned) 

Qwen3-4B generator model. It serves as a performance benchmark for a stand-

ard, non-optimized RAG implementation. 

3. Configuration C (Optimized RAG): This uses the fully fine-tuned Optimized 

RAG System (System 2). 

Note on Configuration B: To establish the baseline in Configuration B, the Qwen3-4B 

base model was evaluated using two configurations: a direct instruction-following mode 

(enable_thinking=False) and an explicit reasoning mode (enable_thinking=True). 

The evaluation in the 'thinking' mode was found to be computationally prohibitive, with 

an estimated runtime of over 20 hours to process the 1700-item validation set. This 

demonstrated a significant performance cost associated with the model's verbose rea-

soning process. 
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Consequently, the 'non-thinking' mode was selected as the official baseline for a more 

practical and direct comparison against the fine-tuned systems. The results from this 

faster, more direct baseline are reported in the subsequent sections. 

3.5 Evaluation Metrics 

The primary metric for end-to-end performance is Execution Accuracy (EX) [5]. A gener-

ated query is considered correct only if it executes without error on the BIRD database 

and its results are identical to the ground-truth query's results. 

A key intermediate metric is Reranker Recall, which determines the final precision of the 

retrieval chain following the Initial Recall provided by the embedding model. This metric 

measures the percentage of times the reranker successfully secured all necessary 

schema elements. 

3.6 Experimental Setup 

All model fine-tuning and evaluation experiments were conducted in a controlled and 

consistent environment to ensure the reproducibility of the results. The following subsec-

tions detail the hardware specifications, software frameworks, and hyperparameter con-

figurations utilized in this study. 

3.6.1 Hardware and System Environment 
The workstation was equipped with the following hardware and core software: 

 GPU: NVIDIA RTX 5090 with 32 GB of VRAM 

 CPU: Intel Core i7-10700K 

 System RAM: 48 GB DDR4 

 Operating System: Ubuntu 22.04 LTS, running on Windows 11 via the Windows 

Subsystem for Linux 2 (WSL2). 

 Core Software: Python (v3.10.12), PyTorch [23] (v2.7.1+cu128), CUDA Driver 

(v12.9) 
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3.6.2 Models and Frameworks 
The project utilized a set of specific pre-trained models and open-source libraries to build 

the NL-to-SQL pipeline. 

Base Models: The following foundational models were used: 

 Causal Language Model: Qwen/Qwen3-4B was used as the base LLM for all 

fine-tuning experiments. 

 Embedding Model: Qwen/Qwen3-Embedding-0.6B was used as the dense re-

triever in the main "Optimized RAG System" (System 2). 

 Reranker Model: BAAI/bge-reranker-large was used to re-score and rank the 

retrieved schema chunks for relevance. 

Key Libraries: The implementation heavily relies on the Hugging Face ecosystem and 

other specialized libraries. The specific versions used are listed below to ensure accurate 

replication: 

 Transformers: (v4.52.4) For loading and handling the language and reranker 

models. 

 PEFT (Parameter-Efficient Fine-Tuning): (v0.15.2) For implementing the 

LoRA/QLoRA fine-tuning strategy. 

 TRL (Transformer Reinforcement Learning): (v0.18.1) For utilizing the SFT-

Trainer to manage the supervised fine-tuning process. 

 LangChain: (v0.3.26) For orchestrating the hybrid retrieval pipeline, combining 

BM25 and FAISS retrievers. 

 FAISS (Facebook AI Similarity Search): (v1.11.0) For creating and searching 

the vector index of schema chunks. 
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3.6.3 Configuration Parameters 
The parameters for the RAG pipeline and the LLM fine-tuning were kept constant across 

all relevant experiments. 

RAG Pipeline Configuration 

 Initial Retrieval (k₁): The hybrid retriever (BM25 + FAISS) was configured to 

initially fetch the top 30 most relevant schema chunks. 

 Final Reranked Selection (k₂): After reranking, the top 8 chunks were selected 

to construct the final prompt context. 

 Hybrid Search Weighting: The retrieval ensemble utilized an equal weighting 

strategy (0.5), assigning 50% importance to sparse keyword matching (BM25) 

and 50% to dense vector similarity. 

 Reranker Sequence Length: The input sequence length was configured to 

match the architectural limits of the chosen model. For the primary BAAI/bge-

reranker-large model, this limit was 512 tokens, whereas alternative architectures 

(e.g., mxbai) utilized a 2048-token window 

LLM Fine-Tuning Configuration 

The Qwen/Qwen3-4B model was fine-tuned using QLoRA with the following hyperpa-

rameters: 

 Learning Rate: 2e-4 with a   learning rate scheduler. 

 Batch Size: 1 

 Gradient Accumulation: 8 steps (for an effective batch size of 8). 

 Optimizer: Paged AdamW (32-bit) 

 Epochs: 5 (with early stopping patience of 3). 

 LoRA Rank (r): 32 

 LoRA Alpha (α): 64 

 Max Sequence Length: 4096 tokens. 

This detailed setup provides the necessary foundation for the analysis of model perfor-

mance, RAG effectiveness, and error patterns presented in the subsequent chapters. 
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4. RESULTS AND ANALYSIS 

This chapter presents the empirical results of the experiments detailed in the previous 

chapter. The analysis is structured to first present the component-level and system-level 

quantitative results, followed by a high-level analysis of the central finding, and finally a 

deep qualitative analysis of specific error patterns that support this finding. 

4.1 Initial Embedding model Performance Evaluation 

The initial embedding model chosen was Qwen/Qwen3-Embedding-0.6B, a decision in-

formed by its strong performance on the Massive Text Embedding Benchmark (MTEB) 

leaderboard [24]. As a baseline, the pre-trained model achieved an Initial Recall @ 30 of 

73.21%. After being fine-tuned on the BIRD benchmark, its performance increased sig-

nificantly to 93.81%. This fine-tuned model was used as the primary retriever for the main 

phase of the research, including the reranker evaluation and the final end-to-end system 

comparison. 

4.1.1 Reranker Performance Evaluation 
A primary objective of this thesis was to optimize the context retrieval stage of the RAG 

pipeline. To identify the most effective reranker, several models were fine-tuned and 

evaluated on the dev_combined.json test set. 

The initial hybrid retrieval stage with the fine-tuned Qwen/Qwen3-Embedding-0.6B 

model proved to be highly effective, consistently achieving a high Initial Recall of approx-

imately 93.8% across all tests. This result confirmed that the necessary schema items 

were almost always present in the top 30 candidates provided to the reranker. 

With the initial retrieval validated, the primary metric for comparing the different models 

was Reranker Recall @ 8, which measures the final precision of the reranker. The results 

are presented in Table 1. 
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Table 1. Comparison of Reranker Recall Scores on the BIRD benchmark 

Reranker Model Type 
Reranker      

Recall @ 8 

BAAI/bge-reranker-large Fine-tuned 90.50% 

Qwen/qwen3-reranker-0.6b Fine-tuned 87.30% 

mixedbread-ai/mxbai-rerank-base-v2 Fine-tuned 86.13% 

BAAI/bge-reranker-large Pre-Trained 57.20% 

mixedbread-ai/mxbai-rerank-base-v2 Pre-Trained 7.90% 

The results clearly validate the central hypothesis that fine-tuning is essential for high 

performance. The off-the-shelf models performed poorly, with the base mxbai-rerank-

base-v2 [25] failing to provide the correct context in over 92% of cases. In contrast, all 

fine-tuned models demonstrated a significant improvement. The fine-tuned version of 

BAAI/bge-reranker-large emerged as the top-performing model, achieving a Reranker 

Recall of 90.50%. 

It is important to note that the different model families were fine-tuned with slightly differ-

ent methodologies, as detailed in Chapter 3. The Qwen3-Reranker was trained using a 

hold-out validation set and best-checkpoint saving, while the other models were trained 

for a single epoch on the full dataset. This context should be considered when interpret-

ing these results. Based on its superior empirical performance in this evaluation, the fine-

tuned BAAI/bge-reranker-large was selected as the definitive reranker for the final opti-

mized RAG system (System 2). 

4.2 Final System Evaluation: RAG vs. Full-Schema 

With the optimal reranker identified, the final experiment compared the end-to-end per-

formance of the Optimized RAG System against the Full-Schema Baseline. The evalua-

tion was conducted on the dev_combined.json test set, which includes both in-domain 

questions (from databases the models were trained on) and out-of-domain questions 

(from unseen databases). The primary metric was Execution Accuracy (EX). 
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4.2.1 Divergence from Official Leaderboard Metrics 
It is critical to state that the results presented in this thesis are not directly comparable to 

the official BIRD leaderboard rankings [4]. A direct comparison is invalid due to three 

fundamental differences in experimental design: 

1. Data Availability (The Cold-Start Constraint): Official leaderboard submis-
sions typically utilize the full BIRD training corpus (90+ databases) to fine-tune 
their models [4]. In contrast, this study deliberately restricts training to a "low-
resource" subset of only seven databases to simulate an enterprise cold-start 
scenario. 

2. Model Scale: Leaderboard toppers predominantly utilize models with over 70 
billion parameters or closed-source API models. This research evaluates a 4-
billion parameter model (Qwen3-4B) to assess feasibility on consumer-grade 
hardware. 

3. Evaluation Set & Submission Status: Official rankings are derived from the 
private Test Set via external submission. The author of this thesis did not submit 
predictions to the official server. Instead, evaluation was conducted locally on the 
public Dev Set (specifically, the dev_combined.json custom split). This approach 
allows for a granular, reproducible analysis of specific error types, which is not 
possible when using the opaque official scoring server. 

4.2.2 Comparative Results 
The central comparison is between the two primary architectures: The Optimized RAG 

(Configuration C) and the Full-Schema Baseline (Configuration A). The results reveal a 

key performance trade-off, as detailed in Table 2. 

Table 2.  Final Execution Accuracy, with in-domain and out-of-domain performance. 

System Configuration In-Domain EX Out-of-Domain EX Overall EX 

Optimized RAG (Config. C) 29.52% 21.71% 22.47% 

Full-Schema Baseline (Config. A) 34.34% 19.23% 20.71% 

Schema-Only RAG (Ablation) 31.33% 7.76% 10.06% 

Simple RAG (Config. B) N/A N/A 4.71% 

The Full-Schema Baseline achieved a higher accuracy on in-domain questions, where 

the model had been specifically trained on the target databases. Conversely, the Opti-

mized RAG system demonstrated superior performance on out-of-domain questions (il-

lustrated in Figure 2), showcasing a better ability to generalize to new, unseen database 

schemas.  
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Figure 2. Execution Accuracy split between specialization and generalization. The RAG 

system achieves a higher Overall EX, a result consistent with the test set's majority com-

position of Out-of-Domain questions. 

Because the dev_combined.json test set is composed of a much larger number of out-

of-domain examples (1534) than in-domain examples (166), the RAG system's strength 

in generalization led to a higher overall execution accuracy. 

The effectiveness of the fine-tuning process is validated by comparing the Optimized 

RAG against the Simple RAG baseline (Configuration B). Achieving only 4.71% Execu-

tion Accuracy, the Simple RAG demonstrates that a generic, out-of-the-box implemen-

tation is insufficient for the complexities of the BIRD benchmark, highlighting the neces-

sity of the multi-stage optimization. 

Furthermore, an ablation study using the Schema-Only RAG system validates the critical 

role of data augmentation. The results were instructive. While the system achieved a 

respectable 31.33% on in-domain questions, likely due to the retriever "memorizing" the 

clean schema structures from the training data, its performance collapsed to a mere 

7.76% on out-of-domain tasks. This critical failure in generalization proves that without 

the rich context of sample values and descriptions, the RAG pipeline cannot adapt to 

new databases. 
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This stark contrast validates the design of the final Optimized RAG system (Configuration 

C). While data augmentation led to a minor drop in in-domain performance compared to 

the vanilla system, it was the essential component for generalization, increasing out-of-

domain accuracy from 7.76% to 21.71%. This finding is the central result of this thesis 

and is analyzed in the following section. 

4.3 Note on BIRD Benchmark Quality 

Before analyzing system errors, it is important to contextualize the evaluation metrics. 

Previous work has highlighted the presence of noise in the BIRD benchmark's questions 

and ground-truth queries [26]. To investigate a subset of these issues, an automated 

script was used to check the executability of all 1700 ground-truth queries in the 

dev_combined.json test set. 

This analysis revealed that at least 2.76% of the ground-truth queries are non-executable 

or malformed, corresponding to 47 identified errors. This figure represents a conserva-

tive estimate of the benchmark's total noise, as it only accounts for syntactic SQL errors 

and does not include other potential issues, such as ambiguities in the natural language 

questions. 

This inherent and quantifiable noise in the evaluation data suggests that the true ceiling 

for reliable Execution Accuracy is likely significantly lower than 100%. The performance 

of all evaluated systems should be interpreted in light of this benchmark limitation. 

4.4 Qualitative Error Analysis 

To provide a deeper understanding of the quantitative results, this section presents a 

qualitative analysis of common error patterns observed in both the RAG pipeline's re-

trieval stage and the final query generation of both systems. 

4.4.1 Analysis of Retrieval Errors 
The optimized reranker achieved a Reranker Recall of 90.50%, meaning that in 9.5% of 

cases, it failed to provide the complete and correct schema to the LLM. An analysis of 

these failures revealed several common patterns, illustrated with specific examples be-

low. 
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Error Category 1: Implicit Join Relationships (Dominant Pattern) This category ex-

plains the high failure rate in the retail_world database. The reranker often retrieves the 

table matching the explicit subject of the sentence but misses the table required to filter 

that subject based on an implicit relationship. 

 Question: "List all the products that were shipped to Starenweg 5." 

 Correct Schema Needed: Products, Orders 

 Schema Retrieved: Products (Missed Orders) 

 Analysis: The user explicitly asks for "products," so the model correctly retrieves 

the Products table. However, the filtering condition ("shipped to Starenweg 5") 

resides in the Orders table. The reranker failed to infer that a shipping address 

implies a necessary join to Orders, resulting in an incomplete context where the 

LLM can see the products but lacks the table needed to filter them by destination. 

Error Category 2: Failure to Link Specific Data Values This error illustrates a chal-

lenge where a key piece of information in the question is a specific value (a string literal) 

rather than a keyword matching a column name. 

 Question: "Who is the person to contact to get Camembert Pierrot?" 

 Correct Schema Needed: Suppliers, Products 

 Schema Retrieved: Suppliers (Missed Products) 

 Analysis: To answer this, the system must first locate "Camembert Pierrot" in 

the Products table to identify the SupplierID, then join to Suppliers. The reranker 

likely associated the word "contact" with Suppliers but failed to recognize 

"Camembert Pierrot" as a value belonging to the Products table. Without 

retrieving Products, the link between the specific item and the supplier was 

broken. 
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Error Category 3: Misunderstanding of Domain-Specific Concepts 

 Question: "Give the percentage of subscribers who rated the movie 'G.I. Jane'." 

 Correct Schema Needed: ratings_users, lists_users 

 Schema Retrieved: ratings_users (Missed lists_users) 

 Analysis: In this specific database schema, the concept of a "subscriber" is 

defined within the lists_users table. While the model correctly identified that 

ratings_users was needed to handle the "rated" part of the query, it failed to map 

the domain-specific term "subscriber" to its corresponding implementation in 

lists_users. This demonstrates a gap in understanding implicit business logic 

where a general concept is buried in a table with a non-obvious name. 

Error Category 4: Multi-Hop Geographical Reasoning 

 Question: "Name the products via wholesale channel of the store under 

Pacific/Honolulu time zone." 

 Correct Schema Needed: Store Locations, Sales Orders, Products 

 Schema Retrieved: Products, Sales Orders (Missed Store Locations) 

 Analysis: This query requires a complex chain of reasoning: Time Zone (Store 

Locations) to Channel (Sales Orders) to Item (Products). The model successfully 

retrieved the tables for sales and products but failed to retrieve Store Locations. 

It likely failed to associate "Pacific/Honolulu" strongly enough with the specific 

location table to trigger its retrieval, breaking the join chain required to filter by 

time zone. 

Error Category 5: Categorical Filtering Failures 

 Question: "List all product names under Confections." 

 Correct Schema Needed: Products, Categories 

 Schema Retrieved: Products (Missed Categories) 

 Analysis: The question asks for a subset of products. While the model found the 

Products table, it failed to retrieve the Categories table which defines "Confec-

tions." The model likely treated "Confections" as a generic term rather than a 

specific foreign key requiring a join. 
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Analysis of Retrieval Noise (False Positives): While the analysis above focuses on 

missing information, the presence of irrelevant tables (noise) can also degrade LLM per-

formance. The system achieved an exceptionally low noise rate of 0.36 irrelevant tables 

per question. This is largely due to Cross-Database Filtering: since retrieval operates on 

a unified index, candidates from unrelated databases are automatically discarded before 

prompting the LLM. The remaining noise represents In-Domain Distractors, primarily ob-

served in the chicago_crime database. 

 Question: "What is the FBI description of the crime for report number 23778?" 

 Correct Schema Needed: FBI_Code, Crime 

 Noise Retrieved: IUCR, District 

 Analysis: The database contains multiple lookup tables with overlapping 

terminology. The table IUCR (Illinois Uniform Crime Reporting) contains 

descriptions very similar to FBI_Code. Because the question mentions 

"description" and "crime," the reranker retrieved IUCR (which is technically 

relevant but not needed for this specific query). However, the low overall noise 

score suggests the fine-tuned reranker is generally effective at distinguishing 

between semantically similar but distinct schema elements. 

4.4.2 Structural and Semantic Bias Analysis 
Semantic Bias: Dictionary vs. Data Tables: The system exhibited a strong semantic 

bias towards Lookup Tables (dictionaries) over Fact Tables (transactional data). This 

was most evident in the chicago_crime database. As shown in the noise analysis, the 

model retrieved the IUCR table (Illinois Uniform Crime Reporting codes) 74 times as a 

distractor. This occurs because the embedding and reranking models are optimized for 

semantic similarity. The IUCR table contains rich textual definitions like "THEFT," 

"BATTERY," and "ASSAULT," which match the natural language of the user's question 

perfectly. In contrast, the actual Crime table (the fact table needed to answer the 

question) is populated primarily with numerical keys and dates. The system struggled to 

prioritize the semantically sparse transactional table over the semantically rich definition 

table, suggesting a limitation in RAG pipelines when handling schemas that separate 

definitions from data. 
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Entity-Relationship Confusion in Normalized Schemas: In highly normalized 

schemas such as movie_platform, the retrieval system struggled to distinguish between 

core Entity tables and Associative (linking) tables. For example, the error report shows 

repeated confusion between lists (the entity containing the list title) and lists_users (the 

relationship linking a user to a list). When processing queries about "lists created by 

users," the model frequently retrieved the relationship table but missed the entity table, 

or vice versa. This suggests that the embedding model treats the concept of "ownership" 

(the link) and the "object owned" (the entity) as semantically identical, leading to 

incomplete retrieval in database designs that strictly separate entities from their 

relationships. 

Reranking Regression on Implicit Links: While the reranker improved overall 

precision, the error analysis identified a phenomenon of "Reranking Regression" in the 

retail_world database. In specific instances involving the Orders and Suppliers tables, 

the initial Hybrid Retrieval (BM25 + Vector) successfully identified the correct schema, 

but the subsequent Reranker filtered them out. This occurred primarily when the 

relationship between the question and the table was purely functional (e.g., a table 

needed solely for a foreign key join) rather than semantic. The Cross-Encoder, 

attempting to verify semantic alignment, effectively "over-analyzed" the pair and 

classified the functionally necessary table as irrelevant. This confirms that increasing 

system precision via reranking inevitably introduces a ceiling on maximum recall for 

complex, multi-hop schemas where the "bridge" tables lack semantic similarity to the 

user's query. 

4.4.3 Comparative Analysis of Generation Errors 
By examining cases where one system succeeded and the other failed, we can better 

understand their respective strengths and weaknesses. 

 Failure Case 1 (RAG Fails, Baseline Succeeds): This pattern was most com-

mon in in-domain questions. A typical example involved a complex query where 

the RAG system's reranker missed a single, critical column (a retrieval error). The 

LLM, given this incomplete context, would generate an incorrect query. The Full-

Schema Baseline, having access to the full context and having been trained on 

that database, would correctly identify the required column and generate the cor-

rect SQL. This highlights the RAG system's vulnerability to retrieval errors. 
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 Failure Case 2 (Baseline Fails, RAG Succeeds): This pattern was exclusive to 

out-of-domain questions. For example, when faced with a large, unfamiliar 

schema, the Full-Schema Baseline would sometimes get "distracted" by irrele-

vant but similarly named tables or columns, leading it to generate a query that 

joined the wrong tables. The Optimized RAG system, in the same scenario, would 

first use its retriever to isolate only the most relevant schema elements. This 

clean, minimal context allowed its LLM to correctly identify the right tables and 

generate the correct query, showcasing its superior generalization capability. 

4.5 Impact of an Alternative Retriever on End-to-End Per-
formance 

Following the main evaluation, a final experiment was conducted to determine if an al-

ternative high-performing retriever could offer benefits over the Qwen3 model, which was 

already a top performer on the MTEB leaderboard. The mxbai-embed-large-v1 [27] 

model was selected as another strong, contemporary candidate to investigate how a 

different top-tier embedding architecture would impact end-to-end performance. 

After fine-tuning, this new retriever achieved an exceptional Initial Recall @ 30 of 

98.19%. When paired with the top-performing reranker, the retrieval pipeline's Reranker 

Recall @ 8 reached 93.92%. Both of these component-level metrics are notably higher 

than those of the original Qwen-based pipeline. 

This new retrieval stage was then integrated into the RAG system for a final end-to-end 

validation. The results, compared against the original Optimized RAG system, were re-

vealing, as seen in Table 3. 

Table 3. End-to-end impact of integrating an alternative high-performing retriever 

System Configuration 
In-Domain 

EX 

Out-of-Domain 

EX 

Overall 

EX 

Optimized RAG (Original Qwen 

Retriever) 
29.52% 21.71% 22.47% 

RAG with Mxbai Retriever 30.72% 21.06% 22.00% 

The results show that the superior recall of the new retriever did not translate into a 

meaningful improvement in end-to-end performance. While there was a minor improve-

ment on in-domain questions, performance on out-of-domain questions, the key strength 

of the RAG architecture, saw a slight decrease. This resulted in a marginally lower overall 

execution accuracy. 



33 
 

This finding strongly reinforces the insight that optimizing components in isolation can 

yield diminishing or even slightly negative returns. While the new retriever was demon-

strably better at its specific task of recall, this local improvement failed to propagate 

through the complex, multi-stage pipeline. The potential reasons, such as the introduc-

tion of a slightly noisier context or a minor break in pipeline synergy, effectively negated 

the benefits of the higher recall. This result underscores the importance of end-to-end 

evaluation, demonstrating that component-level metrics are not always reliable proxies 

for final system performance. 

4.6 Scalability and Pipeline Optimization 

While the previous sections (4.1-4.5) provided a detailed analysis of the system's perfor-

mance within a low-resource "cold-start" environment, the architecture's scalability re-

quires additional verification. To determine whether the observed performance charac-

teristics persist when data constraints are removed, this final experimental phase evalu-

ates the system against the full BIRD training corpus. This section details the transition 

from the low-resource setting to a full-scale benchmark, highlighting the specific archi-

tectural optimizations required to handle the increased schema complexity. 

4.6.1 Initial Full-Scale Benchmarking and Error Analysis 
To validate the system's scalability, the initial RAG architecture was fine-tuned and 

evaluated on the complete BIRD training corpus. Consistent with the scope defined in 

Chapter 1, this evaluation remains strictly "evidence-free," withholding all “External 

Knowledge Evidence” annotations to ensure a rigorous assessment of the system's abil-

ity to reason over the database schema without reliance on the benchmark's provided 

manual annotations. 

Contrary to the low-resource findings, the initial full-scale RAG system achieved an 

Execution Accuracy of only 19.30%, significantly underperforming the full-schema 

baseline of 23.27%. 

A root cause analysis revealed that this performance degradation was driven by context 

truncation. The BAAI/bge-reranker-large model [14], utilized in the low-resource 

experiments, imposes a strict 512-token limit. On the full BIRD dataset, which contains 

schemas significantly larger than those in the low-resource subset, this limit caused 

critical schema information to be discarded. Consequently, the Qwen3-4B generator [19] 

received the correct schema context in only ~63% of training instances, severely 

hampering its ability to learn correct SQL generation patterns from the provided context. 
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4.6.2 Optimization of the Large-Scale Pipeline 
To address these bottlenecks, six optimizations were implemented for the final full-scale 

iteration: 

 Expanded Context Window: The reranker was upgraded to BAAI/bge-reranker-

v2-m3 [14] to leverage its 8192-token capacity. Simultaneously, the embedding 

model's input limit was increased to 2048 tokens. This eliminated the truncation 

issue for complex database schemas. 

 Context Density Optimization: A custom preprocessing pipeline was devel-

oped to optimize the information density of the schema chunks. While the low-

resource experiments utilized full sample values, the full-scale implementation 

applied a strict truncation strategy: sample values were limited to a maximum of 

3 items per column, and individual string values were truncated at 75 characters. 

This prevented verbose text fields from pushing critical structural information 

(such as primary and foreign key definitions) out of the model’s effective context 

window. 

 Gold Context Training Strategy: Despite the architectural improvements, the 

Initial Recall during the training phase remained at approximately 70%. Since this 

effectively capped the maximum possible accuracy of the training data, the 

training strategy was shifted to use "Ground-Truth Schema Context" to prevent 

the LLM from learning on noisy or incomplete data. The generator was fine-tuned 

using the ground-truth tables, ensuring that the model received correct context in 

~91% of training samples. 

 Loss Function Adjustment: The embedding model fine-tuning was updated 

from CosineSimilarityLoss to MultipleNegativesRankingLoss [28], improving the 

separation between relevant and irrelevant schema elements. 

 Increased Retrieval Depth (k=12): To further maximize the Reranker Recall for 

larger schemas, the final selection size passed to the generator was increased 

from 8 to 12. This ensured that complex, multi-table joins were not broken by an 

overly aggressive cutoff. 
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 Dynamic Embedding Bypass: While the embedding model was designed to 

support massive enterprise schemas, an examination of the BIRD dataset re-

vealed that the largest evaluation database (synthetic_medicine) includes only 

41 tables. Noting that two-stage vector retrieval is unnecessary at this scale, a 

conditional threshold of 70 tables was implemented. The architecture dynamically 

bypasses the embedding step for databases below this limit, routing all tables 

directly to the reranker to eliminate redundant computational overhead. 

 Evaluation Protocol Alignment: To ensure scientific comparability with the 

BIRD benchmark, the calculation for Execution Accuracy (EX) was updated. The 

comparison logic transitioned from exact list matching to set-based execution 

matching (set(pred) == set(exp)), rendering the evaluation order-insensitive. Fur-

thermore, strict data normalization, including lower-casing strings and rounding 

floating-point values to four decimal places, was implemented to eliminate false 

negatives caused by formatting differences and SQLite version inconsistencies. 

Following the implementation of these six architectural optimizations, the RAG system’s 

performance improved substantially, achieving an Execution Accuracy of 31.75% on the 

development set. This successfully surpassed the full-schema baseline (23.27%) and 

validated the architecture's viability at scale prior to any inference-level modifications. 

4.6.3 Inference-Level Optimizations 
While the architectural optimizations detailed in the previous section successfully 

addressed context truncation and improved the baseline accuracy, further 

performance gains were achieved by modifying the model's behaviour during 

generation. This section presents the impact of two strategies during inference, 

dynamic error correction and execution-based majority voting, aimed at 

maximizing the capabilities of the 4-billion parameter model without requiring 

additional weight updates. 

 Dynamic Retry Policy for Error Correction: During standard single-pass 

generation, models often produce minor syntax or logic errors that render 

a near-valid SQL query non-executable. To mitigate this, a dynamic retry 

policy was implemented, inspired by execution-guided self-correction 

paradigms [29], [30]. When a generated query resulted in an SQLite 

execution error, the error message was included in the model's prompt for 

the next generation attempt. This allowed the model to explicitly reason 

about and correct its own structural faults. 
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Implementing this execution feedback loop increased the Execution 

Accuracy to 36.51%, demonstrating the model's capacity for self-

correction when provided with deterministic environmental feedback [29]. 

 Execution-Based Majority voting: To improve performance and address 

logical ambiguities, the system employed an execution-based self-con-

sistency mechanism. This builds on the foundational concept of LLM self-

consistency [31], adapting it to the text-to-SQL domain [32]. Instead of 

relying on a single generated query, the model was prompted to generate 

multiple distinct SQL candidates. Crucially, rather than selecting the best 

query based on textual similarity, each candidate was executed against 

the database. The candidate queries were then clustered based on their 

actual execution outputs (the returned data rows). By selecting the query 

that belongs to the largest output cluster and identifying the consensus 

answer among the generated samples, the system effectively filtered out 

erroneous outputs and isolated the most reliable SQL logic. The final 

accuracy achieved with the voting scheme and the dynamic retry policy 

was 41.72%. 

4.6.4 Final Scalability Results 
The comparative results for the fully optimized system are presented in Table 4, which 

evaluates the performance against both the internal baselines and external benchmarks 

reported by Li et al. [4]. The configurations developed in this study are italicized and 

marked with an asterisk (*). 
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Table 4. Comparative Performance on the Full-Scale BIRD Benchmark Development Set  
without “External Knowledge Evidence” [4] 

System configuration Execution Accuracy 

(EX) 

Optimized RAG (With Dynamic Retry & Majority Voting)* 41.72% 

Optimized RAG (With Dynamic Retry)* 36.51% 

Optimized RAG (Base Architecture)* 31.75% 

GPT-4 (gpt-4-32k, Zero-shot) 30.90% 

Claude-2 (claude-2.0, Zero-shot) 28.29% 

ChatGPT (gpt-3.5-turbo, Zero-shot) 24.05% 

Full-Schema Baseline* 23.27% 

Initial RAG (Truncated Context)* 19.30% 

T5-3B (Fine-tuned) 10.37% 

The optimized RAG pipeline with inference-level strategies (41.72%) significantly outper-

forms zero-shot GPT-4 (gpt-4-32k), while the base optimized pipeline (31.75%) remains 

highly competitive. Achieving this performance with a 4-billion parameter generator vali-

dates the efficiency of the proposed architecture against massive commercial models. 

The performance difference between the RAG system and the full-schema baseline high-

lights an advantage for retrieval-based methods when applied to large-scale databases. 

By strictly filtering out irrelevant table definitions, the RAG system reduces the semantic 

noise in the context window. In contrast, the full-schema approach provides the model 

with distracting information, which progressively degrades performance as schema com-

plexity grows. These findings suggest that for large databases, the benefit of a clean, 

minimized context outweighs the risk of minor retrieval errors. 

4.7 Chapter Summary 

In conclusion, this chapter's findings demonstrate that the optimal architectural choice is 

heavily dependent on the specific use case and resource constraints. 

For applications targeting a fixed set of databases in a low-resource environment, the 

fine-tuned full-schema model offers a reliable solution due to its access to comprehen-

sive context as observed in Sections 4.1-4.5. However, for applications that must gener-

alize to a wide and unpredictable range of new databases, the analysis suggests that a 

RAG system is the more adaptable solution. 
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This was notably confirmed by the full-scale validation in Section 4.6, where the opti-

mized RAG pipeline achieved superior performance (31.75% vs. 23.27%) on the unseen 

databases of the official benchmark. Additionally, the architecture’s efficiency is validated 

by the system’s capacity to rival the zero-shot performance of significantly larger com-

mercial frameworks, in the end peaking at an Execution Accuracy of 41.72% with the 

inclusion of inference-level strategies. Thus, while the full-schema approach has merit 

for static domains, a well-optimized RAG system proves to be the more effective and 

scalable solution for handling complex, unseen schemas.  
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5. CONCLUSION 

This thesis set out to design, implement, and evaluate an effective framework for devel-

oping high-accuracy Natural Language to SQL (NL2SQL) systems in complex, low-re-

source environments, using the BIRD benchmark as a realistic testbed. This concluding 

chapter summarizes the key findings of the research, acknowledges its limitations, and 

proposes directions for future work. 

5.1 Summary of Findings 

The core of this work involved a rigorous, multi-stage optimization of a Retrieval-Aug-

mented Generation (RAG) pipeline and a controlled comparison of this system against 

a fine-tuned, full-schema baseline. The research yielded two primary findings. 

First, the study demonstrated that a multi-stage fine-tuning strategy is highly effective for 

specializing a RAG pipeline for complex NL2SQL tasks. By sequentially fine-tuning the 

Cross-Encoder reranker and then the generator LLM, the optimized RAG system 

achieved a final Execution Accuracy of 22.47%. This significantly outperformed a simple 

RAG implementation (4.71% EX), validating the hypothesis that specializing the retrieval 

components is a critical step for maximizing end-to-end performance. The fine-tuned re-

ranker's ability to achieve a high recall of 90.5% was instrumental to this success. 

Second, and most critically, the central experiment highlighted a trade-off between the 

RAG system’s generalization ability and the full-schema baseline’s in-domain speciali-

zation. Overall, the highly optimized RAG pipeline performed slightly better and achieved 

a higher total accuracy than the fine-tuned full-schema baseline (22.47% vs. 20.71%). 

The analysis attributed this outcome to a crucial trade-off: the full-schema baseline was 

more effective on in-domain tasks (34.34% vs. 29.52%), while the RAG system per-

formed better on out-of-domain tasks (21.71% vs. 19.23%). For a benchmark like BIRD, 

where most database schemas are small enough to fit within the LLM's context window, 

the RAG pipeline's primary advantage is diminished. Consequently, its inherent perfor-

mance ceiling, the ~10% of cases where it fails to retrieve the correct context, becomes 

a more significant factor, making the simpler, 100% accurate retrieval of the full-schema 

approach a more reliable strategy for in-domain applications, provided the database 

schema is of a manageable size. 
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Third, the full-scale validation (Chapter 4.6) demonstrated that this trade-off disappears 

at scale. When the RAG pipeline was fully optimized with a larger context window and 

trained on the complete training corpus, it achieved an Execution Accuracy of 30.44%, 

significantly surpassing the full-schema baseline of 23.27%. This confirms that while the 

architectures are comparable in cold-start scenarios, the RAG approach offers superior 

scalability and generalization for large-scale, unseen databases. 

5.2 Limitations of the Study 

While this study provides a thorough and controlled comparison, its limitations must be 

acknowledged to properly contextualize the findings.  

First, the comparative phase of the study was deliberately constrained by the size of the 

training data. To simulate a realistic enterprise "cold-start" scenario, the models were 

fine-tuned on a restricted subset of only seven databases, rather than the full BIRD train-

ing corpus. While this design choice was necessary to address the research objectives, 

it inherently limits the absolute execution accuracy compared to leaderboard models 

trained on thousands of examples. 

Additionally, the conclusions are bound by the characteristics of the BIRD benchmark 

itself. A key concern is the fidelity of the evaluation data; as detailed in Chapter 4, our 

analysis found that at least 2.76% of the ground-truth queries in the dev_combined.json 

set are erroneous, placing a ceiling on the maximum achievable accuracy. Beyond its 

data quality, the schemas in BIRD, while complex, may not represent the extreme scale 

of some enterprise databases, which can feature extremely wide tables with even hun-

dreds of columns. In such scenarios, the Full-Schema approach would become imprac-

tical, and the RAG system's advantage would likely be far more pronounced. 

Furthermore, the study was constrained by the use of a fixed set of hyperparameters, 

such as established best-practice learning rates and batch sizes. This approach priori-

tized a fair comparison under consistent conditions over an exhaustive hyperparameter 

search, which would be computationally prohibitive and beyond the scope of this thesis. 

A specific technical constraint also applies to the retrieval pipeline. The cross-encoder 

architecture employed in this study (BAAI/bge-reranker-large) operates with a maximum 

sequence length of 512 tokens. While this model was selected for its superior retrieval 

accuracy compared to other tested architectures (e.g., Qwen, Mxbai), the token limit 

meant that for tables with verbose descriptions or extensive schemas, the input se-

quence was truncated at the end. 
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This resulted in the loss of augmented sample values and, in rare instances, the defini-

tions of final columns, potentially reducing retrieval recall for the most complex schemas. 

Although this bottleneck was resolved in the final full-scale validation by upgrading to a 

model with a larger context, it likely impacted the performance metrics reported in the 

low-resource experiments. 

Finally, the findings are inherently tied to the specific scale and architecture of the models 

used in this research, namely a 4-billion-parameter LLM. The performance trade-offs 

observed between the RAG and full-schema approaches may not be the same for sig-

nificantly larger or more advanced foundation models, which might exhibit different ca-

pabilities in processing and reasoning over large contexts. 

5.3 Directions for Future Work 

The findings and limitations of this study suggest several promising directions for future 

research: 

 Integration of Agentic Workflows: While this study focused on single-pass gen-

eration to isolate architectural performance, future research should explore wrap-

ping the optimized RAG pipeline in an agentic framework. Implementing iterative 

self-correction mechanisms could significantly mitigate the remaining syntax and 

schema-linking errors observed in the error analysis. 

 Development of Hybrid Systems: The clear trade-off between the two architec-

tures suggests that a hybrid system could offer the best of both worlds. Future 

work could explore a dynamic approach that uses the full schema for small data-

bases but automatically switches to a RAG pipeline when encountering schemas 

that exceed a certain complexity threshold. 

 Evaluation on Hyper-Complex Schemas: To test the scalability of these find-

ings, the experiment should be replicated on a benchmark specifically designed 

with wider tables and extremely complex relational structures. This would more 

definitively establish the performance boundaries of the full-schema approach. 

 Transitioning to Native Schema Representations: This study utilized genera-

tive AI to augment raw CREATE TABLE statements with natural language de-

scriptions. However, benchmarks such as BIRD natively provide comprehensive 

database documentation, including column and value descriptions. Future re-

search should compare this approach with native schema chunking, relying on 

DDL constraints, dataset-provided metadata, and strategic data sampling. 
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Examining how these more compact, benchmark-native formats affect retriever 

and reranker performance compared to rich semantic descriptions could estab-

lish whether comparable downstream accuracy can be achieved without gener-

ative schema augmentation, for environments where such augmentation is not 

feasible. 

 Holistic, Pipeline-Wide Optimization: A separate research direction is to tune 

all pipeline components (the retriever, reranker, and LLM) together as a single, 

integrated system. This approach would use the final Execution Accuracy as the 

sole optimization target, rather than intermediate metrics like recall, to discover 

beneficial performance trade-offs between the components.  

 Aligned Training and Evaluation: To create a more direct comparison, future 

work should re-evaluate key components like rerankers using a perfectly aligned 

training and validation methodology for all models, ensuring observed differences 

are solely attributable to model architecture. 

5.4 Concluding Remarks 

The central contribution of this thesis is an evidence-based analysis of the trade-off be-

tween specialization (Full-Schema) and generalization (RAG) in Text-to-SQL systems. 

The findings demonstrate that for challenging benchmarks like BIRD, neither approach 

is universally superior in a low-resource setting. This underscores a critical principle for 

real-world system design: the optimal architecture depends on the specific requirements 

of the application. For a fixed set of small-to-medium databases, a simpler, well-tuned 

full-schema model is highly effective. For applications that must handle large, complex 

databases, an optimized RAG pipeline is the more robust and scalable choice. This work 

provides both a practical framework for building high-performance NL2SQL systems and 

crucial insights to guide the architectural decisions of future practitioners in the field. 
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