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ÖZET 

BÜYÜK DİL MODELİ TABANLI DOĞAL DİLDEN SQL’E 

OTOMATİK ÇEVİRİ 

Doğal dilin SQL sorgularına dönüştürülmesi, son yıllarda önemli 

ilerlemeler kaydetmiş bir alandır, ancak Türkçe gibi kaynakları sınırlı dillerde 

hala bazı zorluklar bulunmaktadır. Bu tez, bu zorluklara çözüm getirmek 

amacıyla üç önemli katkı sunmaktadır. İlk katkımız, 10.809 doğal dil cümlesi ve 

karşılık gelen SQL sorgusundan oluşan, ilk çok alanlı Türkçe Text-to-SQL veri 

kümesi olan TUR2SQL'in geliştirilmesi ve açık erişimle araştırmacıların 

kullanımına sunulmasıdır. Bu veri kümesi üzerinde probleme özgü geliştirilmiş 

bir derin öğrenme yöntemi olan SQLNet ve en başarılı büyük dil modellerinden 

(BDM) biri olan ChatGPT modellerinin başarımı karşılaştırılmıştır. Sonuçlar 

ChatGPT'nin üstün performansını göstermektedir. İkinci temel katkımız, 

İngilizce’den SQL’e çeviri çalışmalarında sıklıkla kullanılan, çok alanlı geniş 

Spider veri kümesinin çevrilerek en geniş kapsamlı Türkçe Text-to-SQL veri 

kümesi TURSpider'ın oluşturulması ve yine açık erişimle paylaşılmasıdır. 

TURSpider, karmaşık sorgular ve farklı zorluk seviyeleri içermektedir. Türkçe 

Text-to-SQL görevleri için büyük dil modellerinin (BDM) eğitimini ve 

karşılaştırmasını kolaylaştırmaktadır. Yaptığımız karşılaştırmalı incelemede, 

ince-ayar uygulanmış Türkçe BDM'lerin, rekabetçi bir performans sergilediğini 

ve bazı modellerin, sorgu doğruluğu açısından OpenAI modellerini geride 

bıraktığını göstermektedir. Performansı daha da iyileştirmek amacıyla, CoF 

(Chain-of-Feedback, Geri Bildirim Zinciri) metodolojisi uygulanmış ve bunun 

birden fazla modeldeki etkinliği gösterilmiştir. Son olarak, Text-to-SQL 

görevleri için açık kaynaklı BDM'lerin performansını artırmayı amaçlayan, 

birden fazla modelin çıktısını birleştiren MoA (Mixture-of-Agents, 

Temsilcilerin Karışımı) çerçevesini keşfediyoruz. MoA ve CoF tekniklerini 

birleştirerek geliştirdiğimiz MoAF-SQL yaklaşımımızın, özellikle karmaşık 
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sorgularda önemli iyileştirmeler sağladığı gösterilmiştir. Deneylerimiz, MoAF-

SQL'in rekabetçi sonuçlar elde ettiğini ve açık kaynaklı BDM'lerin Text-to-SQL 

başarımını artırma potansiyelini göstermektedir. 

Anahtar Kelimeler: Text-to-SQL, BDM, TUR2SQL, TURSpider, MoA 
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ABSTRACT 

LARGE LANGUAGE MODEL BASED AUTOMATED 

TRANSLATION OF NATURAL LANGUAGE TO SQL 

The field of Text-to-SQL, which involves converting natural language into 

SQL queries, has seen significant advancements, but challenges remain, 

particularly for low-resource languages like Turkish. This thesis introduces three 

key contributions to address these challenges. Our first contribution is the 

development and open-access release of TUR2SQL, the first cross-domain 

Turkish Text-to-SQL dataset, which consists of 10,809 natural language 

sentences paired with their corresponding SQL queries. We evaluate the 

performance of SQLNet, a deep learning model specifically designed for this 

task, and one of the most successful Large Language Models (LLMs), ChatGPT, 

on this dataset. The results demonstrate the superior performance of ChatGPT. 

The second major contribution is the construction and publicly available release 

of TURSpider, the most extensive Turkish Text-to-SQL dataset. TURSpider is 

built by translating the widely used cross-domain Spider dataset from English to 

Turkish. This dataset includes complex queries with varying difficulty levels, 

facilitating the training and comparison of large language models for Turkish 

Text-to-SQL tasks. Our comparative analysis shows that fine-tuned Turkish 

LLMs achieve competitive performance, with some models surpassing OpenAI 

models in query accuracy. To further enhance performance, we apply the Chain-

of-Feedback (CoF) methodology, demonstrating its effectiveness across 

multiple models. Finally, we explore the Mixture-of-Agents (MoA) framework, 

which combines outputs from multiple models to improve the performance of 

open-source LLMs for Text-to-SQL tasks. By integrating MoA with the CoF 

technique, we propose MoAF-SQL, an approach that significantly improves 

performance, particularly on complex queries. Our experiments show that 
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MoAF-SQL achieves competitive results, highlighting its potential to enhance 

the Text-to-SQL capabilities of open-source LLMs. 

Keywords: Text-to-SQL, LLM, TUR2SQL, TURSpider, MoA 
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CHAPTER 1 

1. INTRODUCTION 

Relational databases are frequently used in the IT industry to organize and 

maintain data and information from various fields and domains. To retrieve 

information from these databases, professionals require machine-readable 

instructions in the form of programs. Structured Query Language (SQL) is the 

most common language used to access and query data in relational databases. 

However, experts or professionals with SQL knowledge are required to access 

database and obtain meaningful information. These experts or professionals 

must also understand the existing schemas and tables of the database and create 

appropriate queries. 

Obviously, the need for specialized knowledge creates a barrier for non-

expert users. Text-to-SQL systems aim to address this challenge by enabling 

users to query databases using natural language. If successfully applied, 

envisioned Text-to-SQL systems can help end-users translate natural language 

input into queries without the need for SQL knowledge to query necessary 

information from the database. Some data applications, such as ThoughtSpot1, 

have already claimed the capability to translate natural language given by users 

into SQL queries and display or visualize the results. 

According to Gartner Inc., chatbots will become the primary customer 

service channel for roughly a quarter of organizations by 2027. Thus, end-users 

will be able to access the desired information with the help of assistant 

applications such as the ones shipped with mobile operating systems. We see 

that a common trend in human-computer interaction is transforming and chatbots 

in the form of large language models are getting more capable each new day. 

 
1 https://www.thoughtspot.com  

https://www.thoughtspot.com/
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The Text-to-SQL task focuses on automating the translation of natural 

language statements into Structured Query Language (SQL) queries. Writing an 

SQL query requires knowledge of SQL syntax and the database schema, which 

can be a major challenge for many users. Text-to-SQL systems address this issue 

by using natural language inputs to produce executable SQL queries. 

1.1 STATEMENT OF THE PROBLEM 

The process of converting natural language to SQL is referred to in 

literature with different terms, such as natural language to SQL (NL2SQL), Text-

to-SQL, or natural language interface to databases (NLIDB). In this thesis, we 

use the term Text-to-SQL. Text-to-SQL is the task of automatically translating 

natural language (NL) into SQL, as shown in Figure 1.1. In Large Language 

Model-based Text-to-SQL (LLM-based Text-to-SQL), the task involves 

processing an input that includes a natural language statement (N) and 

corresponding database schema information (S). The database schema (S) is 

defined as S = (T, C), where 𝑇 = {𝑡1, … , 𝑡𝑚} represents multiple tables, and 𝐶 =

{𝑐1, … , 𝑐𝑛} denotes the columns within those tables. 

 

Figure 1.1 A Simple Text-to-SQL Diagram. 

The main objective of the Text-to-SQL task is to automatically generate 

an SQL query (Q) based on the given natural language statement (N) and the 

database schema information (S). This requires an LLM (L) to interpret the 

natural language statement (N) within the context of the given database schema 
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(S) and subsequently produce the corresponding SQL query (Q). The likelihood 

of an LLM (L) generating a SQL query (Q) is defined as a conditional probability 

distribution, where Ƥ is the prompt template, and |Q| is the length of Q. 𝑄𝑖 

denotes i-th token of SQL query (Q). The task can be expressed as in (1.1): 

ℙ𝐿(𝑄|Ƥ(𝑄, 𝑆)) ∏ ℙ𝐿(𝑄𝑖|Ƥ(𝑄, 𝑆), 𝑄<𝑖)

|𝑄|

𝑖=1

 

(1.1) 

The database schema (S) provides critical contextual information, enabling 

the LLM to understand the semantics of (N) and generate an accurate SQL query 

(Q) that interacts correctly with the database tables and columns defined in S. 

A query refers to a question or request for data, which can be expressed in 

natural language. For example, “Retrieve the ids of all authors.” would translate 

to the SQL query which is “SELECT id FROM author” SQL utilizes keywords 

that match the given natural language. In this example, SELECT is used to 

retrieve data from the database, FROM specifies the table being used, and 

WHERE is used to establish a condition. In the following example, we give a 

typical SQL query. 

SELECT attributes FROM tables WHERE conditions 

There are various structures that are used when constructing an SQL query, 

such as JOIN, NESTED, GROUP BY, and ORDER BY, as in (Date, 1989).  

1.2 FROM DEEP LEARNING-BASED APPROACHES TO LLM-

BASED APPROACHES 

Several deep learning-based studies in the literature have addressed 

different aspects of the Text-to-SQL problem. For example; Seq2SQL (Zhong 

et al., 2017), and SQLNet (Xu et al., 2017), focused on the ordering issue that 

refers to the challenge of correctly identifying the order in which different 

components of a SQL query should appear when generating the query from 

natural language text. Also, SyntaxSQLNet (Yu et al., 2018c), and RYANSQL 

(Choi et al., 2021), addressed the complex and cross-domain Text-to-SQL task. 
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Additionally, IRNet (Guo et al., 2019), addressed the mismatch problem, which 

refers to the challenge of accurately aligning the elements of a natural language 

sentence with their corresponding components in the SQL query. Moreover, 

GNN (Bogin et al., 2019), RAT-SQL (Wang et al., 2020c), and SADGA (Cai et 

al., 2021), considered the schema representation problem that refers to the 

challenge of effectively representing the structure of a database schema in a way 

that can be understood and used by a model to generate accurate SQL queries.  

Recently, the development of large language models (LLMs) such as 

PaLM (Anil et al., 2023) and GPT-4 (Achiam et al., 2023) has driven substantial 

progress in the Text-to-SQL domain, establishing LLM-based approaches as a 

dominant paradigm in this field. These models use advanced techniques to 

manage the challenges of converting natural language into SQL queries (Zhang 

et al., 2024). For example, Liu et al. (2023) conducted an extensive analysis of 

ChatGPT's Text-to-SQL capabilities. In addition, Jiang et al. (2023b) introduced 

StructGPT, a general framework aimed at improving the zero-shot reasoning 

abilities of LLMs over structured data. Through experiments on different 

datasets, they showed that their approach can significantly improve the zero-shot 

performance of LLMs. Pourreza and Rafiei (2024) proposed a novel approach 

called DIN-SQL based on few-shot prompting to address the Text-to-SQL task. 

Their method decomposes the problem into multiple steps: (1) schema-linking, 

(2) query classification and decomposition, (3) SQL generation, and (4) self-

correction, leading to consistent and remarkable performance improvements 

across different LLMs. Sun et al. (2023) contributed to this evolving landscape 

with SQL-PaLM, an LLM-based Text-to-SQL model leveraging PaLM-2 (Anil 

et al., 2023).  

1.3 SUMMARY OF CONTRIBUTIONS 

This study builds on two conference papers and two journal papers 

published during my doctoral journey. Here, we list the papers and summarize 
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the main contributions of each paper. A detailed list of contributions is provided 

in the corresponding chapters on related research. 

• Kanburoğlu, A. B., & Tek, F. B. (2023). TUR2SQL: A cross-domain 

Turkish dataset for Text-to-SQL. In 2023 8th International Conference 

on Computer Science and Engineering (UBMK) (pp. 206-211). IEEE. 

https://doi.org/10.1109/ubmk59864.2023.10286686  

• Kanburoğlu, A. B., & Tek, F. B. (2024). Text-to-SQL: A methodical 

review of challenges and models. Turkish Journal of Electrical 

Engineering and Computer Sciences, 32(3), 403-419. 

https://doi.org/10.55730/1300-0632.4077  

• Kanburoğlu, A. B., & Tek, F. B. (2024). TURSpider: A Turkish Text-to-

SQL Dataset and LLM-Based Study. IEEE Access. 

https://doi.org/10.1109/access.2024.3498841  

• MoAF-SQL: A Feedback-Driven Mixture-of-Agents Approach for Text-

to-SQL (Accepted, In Progress) 

• MoAF-SQL with TURSpider - In Preparation 

TUR2SQL – Contributions (Kanburoğlu and Tek, 2023): 

• We developed a framework that automates the Text-to-SQL dataset 

generation process using given database schema and Turkish natural 

language templates. 

• We introduced the TUR2SQL, the first publicly available cross-domain 

Text-to-SQL dataset for the Turkish language. 

• We conducted experiments using SQLNet and ChatGPT models on the 

TUR2SQL dataset, resulting that SQLNet showed limited performance 

and ChatGPT achieved superior performance. 

A Methodical Review – Contributions (Kanburoğlu and Tek, 2024a): 

• We conducted a PRISMA-based methodical review of Text-to-SQL 

studies, including literature surveys. Additionally, we incorporated a 

review of studies and datasets related to the conversion of non-English 

languages to SQL. 

https://doi.org/10.1109/ubmk59864.2023.10286686
https://doi.org/10.55730/1300-0632.4077
https://doi.org/10.1109/access.2024.3498841
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• We identified several significant issues and challenges related to Text-

to-SQL studies. 

• We examined single-domain and cross-domain benchmarks, related 

evaluation metrics, and the accuracies of the Text-to-SQL methods on 

these benchmarks. 

• We reviewed recently developed LLM-based Text-to-SQL studies. 

Additionally, we evaluated and compared three general-purpose LLM 

models on complex cross-domain Spider dataset. 

• We discussed potential future research directions in the Text-to-SQL 

field. 

TURSpider – Contributions (Kanburoğlu and Tek, 2024b): 

• We introduced the TURSpider, a large-scale, complex, and cross-domain 

Text-to-SQL dataset that contains SQL queries in different hardness 

levels, translated from the original English Spider dataset into Turkish. 

• We evaluate state-of-the-art LLMs on the Turkish Text-to-SQL task. 

• We fine-tune Turkish LLMs on the TURSpider dataset and assess their 

performance. 

• We compare the performance of fine-tuned Turkish LLMs with GPT-3.5 

Turbo and GPT-4 on TURSpider. 

• We apply the CoF methodology to enhance LLM performance on 

Turkish Text-to-SQL. 

• We conducted an error analysis based on generated SQL queries to 

provide valuable insights and directions for future research. 

MoAF-SQL – Contributions: 

• We introduced MoAF-SQL, an innovative feedback (F) driven approach 

to the Text-to-SQL task that enhances query accuracy by combining the 

strengths of multiple large language models within a Mixture-of-Agents 

(MoA) framework. 
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• We showed that Mixture-of-Agents (MoA) approach improves the 

performance of open-source large language models (LLMs) on the Text-

to-SQL task. 

• We showed that the CoF technique independently improves the 

performance of open-source LLMs on the Text-to-SQL task. 

• We demonstrated that integrating MoA with CoF leads to further 

improvements. 

1.4 ORGANIZATION 

In the rest of this thesis, we provide a comprehensive literature review of 

the challenges, issues, benchmarks, and evaluation metrics in the field of Text-

to-SQL research in Chapter 2. Additionally, we delve into the role of large 

language models (LLMs) in advancing Text-to-SQL systems. 

In Chapter 3, we introduce TUR2SQL, a novel cross-domain Turkish 

dataset for Text-to-SQL tasks. We detail the dataset generation process, 

including database table collection, survey-based query creation, template-based 

approaches, and dataset distribution. The chapter concludes with experiments 

evaluating the dataset and presenting their results. 

In Chapter 4, we present TURSpider, a Turkish Text-to-SQL dataset 

created through a human translation approach. This chapter also discusses the 

fine-tuning of Turkish language models, experiments, and results, including 

insights from the Chain-of-Feedback (CoF) technique and an error analysis. 

In Chapter 5, we propose MoAF-SQL, a feedback-driven Mixture-of-

Agents (MoA) methodology for Text-to-SQL tasks. This chapter explains the 

MoA methodology, experimental results, and the impact of different model 

subset combinations on performance. 

In Chapter 6, we discuss the methodologies and results presented in 

Chapters 3, 4, and 5, critically analyzing their implications and limitations. 
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Finally, in Chapter 7, we summarize the contributions of this thesis and 

provide directions for future research in Text-to-SQL systems, particularly in the 

Turkish language context. 
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CHAPTER 2 

2. LITERATURE REVIEW 

In this chapter, we provide a methodical review of the Text-to-SQL 

problem. Firstly, we follow the PRISMA approach to identify surveys and 

review studies that discussed Text-to-SQL or NL2SQL. Next, we discuss some 

of the key challenges and issues. Further, we focus on the most commonly used 

benchmarks and evaluation metrics in Text-to-SQL studies. Also, we provide 

implementation details of the Text-to-SQL methods. Finally, we explain the 

LLM-based Text-to-SQL models. 

2.1 PRISMA APPROACH FOR SYSTEMATIC REVIEW 

We followed the PRISMA approach (Liberati et al., 2009) to identify 

survey and review studies that discussed Text-to-SQL or NL2SQL. We 

conducted our search using Web of Science, Scopus, and Google Scholar from 

2018 to 2023, using the search terms “(nl2sql OR text-to-sql) AND (survey OR 

review)”.  

 

Figure 2.1 The PRISMA Flow Chart for Research Strategy. 
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Figure 2.1 illustrates the PRISMA flow chart of our review process. As 

eligibility criteria, we removed duplicates, eliminated studies not available in 

English, and studies that were not surveys or reviews. As a result, 9 studies 

remained. 

Iacob et al. (2020) delved into architecture decisions for Text-to-SQL 

models, focusing on encoder and decoder choices, while also drawing insights 

from classical methods and non-deep learning solutions. Besides, they report the 

accuracies for different models on the Spider dataset, highlighting the resurgence 

of natural language interfaces to databases (NLIDB). Kalajdjieski et al. (2020) 

conducted a comprehensive review of Text-to-SQL methods, models, and 

datasets, including a wide range of architectures, such as CNNs, RNNs, pointer 

networks, and reinforcement learning. They introduced various Text-to-SQL 

datasets and evaluation metrics that consider execution and logical form 

accuracy. Kim et al. (2020) provided a taxonomy-based review of NL2SQL 

methods, comparing eleven methods against multiple benchmarks. They 

introduced a validation tool to measure the quality of NL2SQL models 

accurately by considering the semantic equivalence of SQL queries. Majhadi and 

Machkour (2021) presented an overview of NLIDB models, discussing their 

architectures and experimental results. They emphasized the need for improved 

accuracy in NLIDB systems. Ahkouk et al. (2021) summarized Text-to-SQL 

techniques for nested queries, highlighting the potential for generating high-

quality queries through human function imitation. Abbas et al. (2022) conducted 

a detailed review of deep learning-based NLIDB systems, comparing WikiSQL 

and Spider datasets and identifying challenges in dataset quality and condition 

accuracy. Baig et al. (2022) categorized NL2SQL frameworks based on 

implementation techniques and evaluated their performance on the SPIDER 

dataset, with RAT-SQL using BERT achieving the highest accuracy. Deng et al. 

(2022) reviewed Text-to-SQL datasets and deep-learning-based methods, 

categorizing them into different groups and discussing common evaluation 

metrics. Qin et al. (2022) provided a comprehensive review of deep learning 

approaches for Text-to-SQL, categorizing them into context-dependent and 
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context-independent methods. They explored encoding and decoding 

techniques, including pre-trained language models like BERT, and discussed 

potential future directions for Text-to-SQL. Katsogiannis-Meimarakis and 

Koutrika (2023) presented a detailed taxonomy that decomposes the Text-to-

SQL problem into different sub-problems and compares various approaches of 

neural Text-to-SQL methods by explaining the available benchmarks and 

evaluation methods. 

In comparison to existing surveys on Text-to-SQL, our paper contributes 

a methodical examination of the field by adopting the PRISMA systematic 

review methodology. We provide a meta-analysis of the existing review papers, 

categorize Text-to-SQL models based on proposed methodologies, and classify 

them according to the evaluation metrics and benchmarks used. We provide a 

detailed analysis of the accuracies achieved by various models on Text-to-SQL 

datasets and delve into execution-guided evaluation strategies. Furthermore, our 

study places a specific emphasis on LLM-based approaches for the Text-to-SQL 

task, evaluating these models on the cross-domain Spider dataset. We extend our 

investigation to explore the availability of Text-to-SQL datasets in non-English 

languages. Moreover, we enhance the industrial perspective in our paper by 

incorporating insights from studies conducted by companies. Besides, we 

provide valuable insights into the efficiency of Text-to-SQL models by reporting 

their training times on well-established benchmarks such as WikiSQL and 

Spider. While existing surveys have provided valuable insights into specific 

aspects of Text-to-SQL, our paper stands out in its systematic approach, 

presenting a consolidated view of the field and identifying potential future 

directions for research in this domain. 

Web of Science2 and Scopus3 are two major databases used for research 

references that complement each other. Therefore, we conducted keyword 

searches in both databases for studies published between 2018 and 2024. The 

period between 2018 and 2024 was selected for analysis as there was a surge of 

 
2 https://www.webofscience.com  
3 https://www.scopus.com  

https://www.webofscience.com/
https://www.scopus.com/
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interest in Text-to-SQL studies in 2018, which coincided with an increase in 

deep learning research during those years. Figure 2.2 shows the number of 

research studies found in Scopus and Web of Science databases using NL2SQL 

or Text-to-SQL keywords. The number of research papers has significantly 

increased since 2018, according to the Scopus results between 2018 and 2024. 

 

Figure 2.2 Number of Documents Searched from Scopus and Web of Science 

Databases Including NL2SQL or Text-to-SQL from 2018 to 2024. 

2.2 MODELS 

We will briefly provide a summary of various Text-to-SQL models. 

Among these, we will focus on the SQLNet model in detail, because we will use 

it in next chapter. 

• PRECISE (Popescu et al., 2003): A database-independent 

statistical parser that translates natural language queries to SQL 

queries. 
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• NaLIR (Li & Jagadish, 2014): A generalized and interactive 

natural language interface that translates given natural languages 

to SQL statements. 

• ATHENA (Saha et al., 2016): An ontology-based system for 

querying relational databases using natural language. 

• SQLizer (Yaghmazadeh et al., 2017): A sketch-based method 

that uses domain-specific heuristics to synthesize SQL queries 

from natural language. 

• Seq2SQL (Zhong et al., 2017): A deep neural network that uses 

reinforcement learning with execution rewards to translate 

natural language questions into SQL queries. 

• SQLNet (Xu et al., 2017): A sketch-based method that 

decomposes SQL generation into several sub-modules and 

performs classification. This model was utilized in our further 

studies. 

• Coarse2Fine (Dong & Lapata, 2018): A structure-aware 

decoding framework for semantic parsing. 

• PT-MAML (Huang et al., 2018): A meta-learning-based 

approach to generating SQL queries from natural language. 

• SyntaxSQLNet (Yu et al., 2018c): A syntax-tree-based model 

addressing complex and cross-domain Text-to-SQL tasks. 

• TypeSQL (Yu et al., 2018b): A sketch-based approach treating 

the Text-to-SQL problem as a slot-filling task using type 

information to manage rare entities and numbers. 

• STAMP (Sun et al., 2018): A generative model mapping natural 

language questions to SQL queries. 

• IncSQL (Shi et al., 2018): A sequence-to-action parsing 

approach incrementally filling slot values with predefined 

actions. 
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• DialSQL (Gür et al., 2018): A dialogue-based structured query 

generation framework leveraging user interaction to enhance 

performance. 

• SQLOVA (Hwang et al., 2019): A sketch-based approach 

incorporating pre-trained language models. 

• RAT-SQL (Wang et al., 2020): A framework using relation-

aware self-attention to address schema encoding and linking 

challenges. 

• IRNet (Guo et al., 2019): A neural approach using schema 

linking and intermediate representation to address complex and 

cross-domain tasks. 

• EditSQL (Zhang et al., 2019): An editing-based encoder-

decoder method for cross-domain, context-dependent tasks. 

• TEMPLAR (Baik et al., 2019): A rule-based system leveraging 

SQL query logs. 

• GNN (Bogin et al., 2019): An encoder-decoder parser using 

graph neural networks to represent database schema structures. 

• X-SQL (He et al., 2019): A network architecture enhancing 

structural schema representation with contextual embeddings. 

• BRIDGE (Lin et al., 2020): A sequential architecture modeling 

dependencies between questions and databases in cross-domain 

Text-to-SQL parsing. 

• HydraNet (Lyu et al., 2020): A hybrid approach using column-

wise ranking and pre-trained language models. 

• IE-SQL (Ma et al., 2020): An extraction-linking approach to 

Text-to-SQL tasks. 

• SDSQL (Hui et al., 2021): A multi-task model based on schema 

dependency. 
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• PHOTON (Zeng et al., 2020): A robust cross-domain model 

integrating semantic parsing, untranslatable question detection, 

and human-in-the-loop feedback. 

• LGESQL (Cao et al., 2021): A line graph-enhanced model 

capturing relational features without constructing meta paths. 

• SADGA (Cai et al., 2021): A structure-aware dual graph 

aggregation network for cross-domain tasks. 

• RYANSQL (Choi et al., 2021): A sketch-based slot-filling 

approach for complex and cross-domain Text-to-SQL problems. 

• ATHENA++ (Sen et al., 2020): An end-to-end system capable 

of translating nested SQL queries. 

• ValueNet (Brunner & Stockinger, 2021): An end-to-end 

system incorporating value candidates during query translation. 

• SeaD (Xu et al., 2021): A sequence-to-sequence model using 

schema-aware denoising. 

• ShadowGNN (Chen et al., 2021): An architecture abstracting 

schemas at semantic levels with domain-independent 

representations. 

• UniSAr (Dou et al., 2023): A unified structure-aware 

autoregressive model for Text-to-SQL tasks. 

• S²SQL (Hui et al., 2022): A syntax-enhanced encoder leveraging 

syntactic dependency information. 

• RASAT (Qi et al., 2022): A transformer sequence-to-sequence 

model augmented with relation-aware self-attention. 

2.2.1 SQLNet 

SQLNet is a neural network designed to generate SQL queries. This neural 

network uses a sketch-based approach where the sketch contains a dependency 

graph. In the SQL sketch, tokens like SELECT, WHERE, and AND represent 

SQL keywords. The tokens starting with “$” indicate the slot to be filled. The 
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name following the “$” indicates the type of the prediction. For example, the 

AGG slot can be filled with aggregation functions like SUM or MAX, the 

VALUE slot with a substring from the natural language (NL) question, the 

COLUMN slot with a column name, and the OP slot with operations such as; 

“>”, “<”, or “=”. These predictions are then combined to generate the final SQL 

query. 

In SQLNet, the generation of the query is structured as a dependency 

graph, where each slot to be predicted is depicted as a box, and the relationships 

between slots are shown as directed edges. For example, the OP slot depends on 

both the COLUMN slot and the natural language question. Each slot in SQLNet 

is handled by a prediction model, and these models do not share their trainable 

parameters. The WHERE clause is the most complex part of the query to predict. 

SQLNet first predicts the set of columns that appear in the WHERE clause, and 

then for each column, it generates the corresponding constraints by predicting 

the OP and VALUE slots. A column attention mechanism is used during the 

prediction of column names in the WHERE clause, allowing the model to focus 

on the most relevant information from the NL question. The OP slot is predicted 

through a 3-way classification (>, <, =), while the VALUE slot is generated using 

a sequence-to-sequence structure to generate the relevant substring from the NL 

question. The SELECT clause, which includes an aggregation function and a 

column name, is predicted similar to the WHERE clause. However, unlike the 

WHERE clause, the SELECT clause requires only the selection of one column. 

Sketch syntax and the dependency of the sketch is illustrated in Figure 2.3. 

 

Figure 2.3 Sketch Syntax and the Dependency of the Sketch. 
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2.3 CHALLENGES AND ISSUES 

Text-to-SQL systems face several significant challenges and issues that 

need to be addressed. Below, we describe some of the key challenges. 

A major challenge is the ordering issue, also known as the “order-matters” 

problem (Xu et al., 2017). In SQL queries, the order of predicates within the 

WHERE clause does not affect the execution results, allowing the same query to 

be written in different orders. For instance, the queries “SELECT * FROM 

Employees WHERE Salary > 50000 AND Department = 'IT' and SELECT * 

FROM Employees WHERE Department = 'IT' AND Salary > 50000” produce 

the same result. Solutions such as Seq2SQL (Zhong et al., 2017), SQLNet (Xu 

et al., 2017), and IncSQL (Shi et al., 2018) address this issue using techniques 

like reinforcement learning, sequence-to-set models, and sequence-to-action 

frameworks. 

Another critical challenge is handling complex SQL queries across cross-

domains, as required by datasets like Spider (Yu et al., 2018a). This complexity 

necessitates models that can generalize to multiple domains, such as movie 

databases, geography, and sports. Approaches like SyntaxSQLNet (Yu et al., 

2018c) and RYANSQL (Choi et al., 2021) attempt to address this challenge with 

innovative methodologies. SyntaxSQLNet uses a SQL-specific syntax tree-

based decoder and table-aware column attention mechanisms to generate query 

components through sub-modules that predict operators, keywords, and entities. 

By considering syntax rules and prediction history, it generates correct and 

complex SQL queries across different domains. RYANSQL utilizes a sketch-

based slot-filling algorithm to generate complex SQL queries by handling nested 

queries and predicting SELECT statements step-by-step. 

A further issue is the lack of information in natural language queries, 

which often results in inaccuracies due to missing domain-specific knowledge 

or rare entities. For instance, a query asking for the highest-scoring player in a 

sports database might fail to specify the sport, leaving the model without enough 

context to generate an accurate SQL query. Solutions like TypeSQL (Yu et al., 
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2018b), which assigns types like PERSON, PLACE, COUNTRY, 

ORGANIZATION, and SPORT to words to improve the understanding of rare 

entities and numbers, and DialSQL (Gür et al., 2018), which incorporates user 

interaction to identify and correct errors, aim to mitigate this problem. 

In some cases, a mismatch problem arises (Guo et al., 2019) when SQL 

column names do not align with their natural language descriptions, leading to 

confusion, particularly in GROUP BY queries. For instance, a natural language 

description might refer to “total sales” while the corresponding SQL column 

name is “revenue”. Approaches like STAMP (Sun et al., 2018) and IRNet (Guo 

et al., 2019) address this issue by incorporating table structure, SQL syntax, and 

schema-linking modules to bridge the gap between natural language and SQL 

representations. 

The lexical problem (Guo et al., 2019) occurs in cross-domain benchmarks 

such as Spider and WikiSQL, where many words in the development set are 

absent from the training set. This challenge arises because models struggle to 

represent out-of-domain (OOD) words accurately. For example, a model trained 

on scientific article datasets may face difficulties when encountering terms 

specific to movie reviews. IRNet mitigates this problem using schema-linking 

solutions to enhance the representation for unseen words. 

Lastly, the schema representation problem pertains to the challenge of 

generalizing models to unseen database schemas in cross-domain Text-to-SQL 

tasks. This requires encoding schema information, such as table and column 

details, while establishing connections between natural language and database 

schema. For example, a model trained on e-commerce data must adapt to 

generating queries for a medical database, which involves understanding entirely 

different table structures and relationships. Models like GNN (Bogin et al., 

2019), RAT-SQL (Wang et al., 2020c), and SADGA (Cai et al., 2021) have been 

developed to address this challenge by improving schema representation and 

understanding. 
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2.4 BENCHMARKS AND EVALUATION METRICS 

Early datasets were created within a single-domain, while newer datasets 

cover multiple domains. Table 2.1 summarizes our comparison of their 

structures, including JOIN, NESTED, GROUP BY, and ORDER BY. Below, 

we provide a detailed analysis of these benchmarks. 

Table 2.1 Text-to-SQL Datasets and Various Properties. 

Dataset Year Domain Join Nested Group Order # NL # SQL 

ATIS 1990 Single + + - - 5,280 947 

MAS 2014 Single + + + - 196 196 

WikiSQL 2017 Cross - - - - 80,654 77,840 

Spider 2018 Cross + + + + 10,181 5,693 

SparC 2019 Cross + + + + 4,298 12,726 

CoSQL 2019 Cross + + + + 3,007 15,598 

FIBEN 2020 Single + + + + 300 237 

 

To begin with, we present well-known single-domain benchmarks (Price, 

1990; Iyer et al., 2017; Li and Jagadish, 2014; Sen et al., 2020). 

The Airline Travel Information System (ATIS) dataset (Price, 1990; Iyer 

et al., 2017) serves as a benchmark for evaluating Text-to-SQL models in the 

context of airline travel. It contains 5,280 pairs of natural language and SQL 

queries, with a database schema of 25 tables representing the ATIS database. 

This dataset is notable for focusing on a single-domain, presenting unique 

challenges for Text-to-SQL models in handling domain-specific language and 

query patterns. It includes simple queries as well as JOIN and NESTED queries, 

but excludes queries with GROUPING or ORDERING. It has been widely used 

for Text-to-SQL evaluation. Similarly, the Microsoft Academic Search (MAS) 

dataset (Li and Jagadish, 2014) consists of 196 queries from academic databases, 

categorized as easy, medium, and complex, with a schema of 17 tables. The 

queries include JOIN, NESTED, and GROUPING, but exclude ORDERING, 

and follow a strict format where natural language queries begin with the word 

“return”. Lastly, the FIBEN dataset (Sen et al., 2020), designed for finance-
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related natural language querying, focuses on financial transactions from public 

companies. It contains 300 natural language queries paired with 237 distinct 

SQL targets, including JOIN and NESTED queries. 

There are several cross-domain benchmarks available (Zhong et al., 2017; 

Yu et al., 2018a; Yu et al., 2019a; Yu et al., 2019b). WikiSQL (Zhong et al., 

2017) is the largest human-annotated semantic parsing dataset, containing 

80,654 examples of natural language questions and SQL queries extracted from 

Wikipedia tables. However, these queries are relatively simple, lacking 

advanced features such as JOIN, NESTED queries, GROUPING, or 

ORDERING. Spider (Yu et al., 2018a) is a more complex, cross-domain 

semantic parsing dataset, consisting of 10,181 questions and 5,693 unique, 

complex SQL queries across 200 databases. It includes NESTED queries and 

ORDERING/GROUPING components. SparC (Yu et al., 2019a) offers 4,298 

question sequences and over 12,000 questions and SQL queries, querying 200 

complex databases with various SQL structures. Finally, CoSQL (Yu et al., 

2019b), a conversational Text-to-SQL corpus, contains 3,007 dialogues with 

over 30,000 turns and 10,000 expert-labeled SQL queries across 200 databases 

and 138 domains. This dataset stands out for its extensive dialogue context and 

large natural language vocabulary compared to others. 

Table 2.2 Text-to-SQL Models with Their Datasets and Used Evaluation 

Metrics. 

Dataset Evaluation Metric Models 

 

 

 

 

 

WikiSQL 

 

 

 

EX 

Seq2SQL, SQLNet, PTMAML, 

COARSE2FINE, 

STAMP, TypeSQL, IncSQL, 

SQLOVA, X-SQL, BRIDGE, 

HydraNet, IE-SQL, SDSQL, 

SeaD, RAT-SQL 

 

 

LFA 

Seq2SQL, SQLNet, PTMAML, 

STAMP, TypeSQL, IncSQL, 

SQLOVA, X-SQL, HydraNet, IE- 

SQL, SDSQL, SeaD, RAT-SQL 

 

Spider 

 

EM 

SyntaxSQLNet, EditSQL, GNN, 

IRNet, ValueNet, RAT-SQL 
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We also reviewed evaluation metrics in conjunction with benchmark 

datasets and Text-to-SQL models. Our findings are summarized in Table 2.2, 

where the evaluation metrics are represented by abbreviations: EX stands for 

execution accuracy, LFA refers to logical-form accuracy, and EM denotes exact 

matching. 

Execution accuracy (Zhong et al., 2017) evaluates the synthesized 

(generated) query by comparing its results to those of the ground truth query, 

typically by executing both queries on the same database and analyzing their 

outputs. In contrast, logical-form accuracy (Zhong et al., 2017) focuses on exact 

string matching between the synthesized and ground truth queries, penalizing 

correct results that do not match exactly. Lastly, exact matching (Yu et al., 

2018a) computes the average exact match between synthesized and ground truth 

queries across different SQL components, such as SELECT, WHERE, GROUP 

BY, ORDER BY, and KEYWORDS. 

2.5 IMPLEMENTATIONS DETAILS OF THE TEXT-TO-SQL 

METHODS 

Next, we examine the implementation details of the Text-to-SQL methods. 

First of all, there are rule-based and deep learning-based methods in Text-to-

SQL methods. Open-source code resources were searched for all these methods 

and information was gathered about the programming languages in which the 

methods were implemented and the frameworks they used. We have identified 

open-source methods, their frameworks and activity. We listed top 15 Text-to-

SQL methods as shown in Table 2.3 where SQLOVA, Seq2SQL and SQLNet 

models have garnered the highest number of Github stars, indicating their 

popularity among users. The majority used the PyTorch framework with Python 

programming language. Table 2.3 summarizes the activity and public attention 

to the open-source code by using Github stars. GitHub stars is an easy metric to 

measure how popular an open-source project is. In addition, we assessed the 

reproducibility of these methods by checking the README files and issues of 
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the repositories because reproducibility is a crucial aspect of open-source 

projects, ensuring that others can replicate and verify the results. We examined 

the GitHub repositories of the models provided in the table. Within the 

README file of each repository, we conducted searches for the keywords 

“reproduce, reproducible, reproducibility” to determine whether the results of 

the mentioned model are reproducible. Additionally, we assessed discussions 

related to reproducibility by examining both open and closed issues in the 

repository. For repositories where reproducibility was not explicitly mentioned 

in the README file but was confirmed through the examination of open and 

closed issues, we made our determination accordingly. 

Table 2.3 The Number of GitHub Stars for Text-to-SQL Models. 

Model Year Framework Github Stars Reproducibility 

SQLOVA 2019 PyTorch 621 NO 

Seq2SQL 2017 PyTorch 409 NO 

SQLNet 2017 PyTorch 409 NO 

RAT-SQL 2020 PyTorch 369 YES 

UniSAr 2022 PyTorch 326 YES 

IRNet 2019 PyTorch 244 NO 

BRIDGE 2020 PyTorch 204 NO 

EditSQL 2019 PyTorch 189 YES 

Coarse2Fine 2018 PyTorch 167 YES 

LGESQL 2021 PyTorch 135 YES 

GNN 2019 PyTorch 134 YES 

PT-MAML 2018 TensorFlow 128 NO 

SyntaxSQLNet 2018 PyTorch 125 NO 

TypeSQL 2018 PyTorch 107 NO 

HydraNet 2020 PyTorch 61 YES 

2.6 LARGE LANGUAGE MODEL BASED TEXT-TO-SQL 

Recent advancements in the Text-to-SQL field, particularly with large 

language models (LLMs), have shown significant progress. One key reason is 

their enhanced performance, as seen in improved execution accuracy (Dong et 

al., 2023; Pourreza and Rafiei, 2024) on benchmark datasets such as SPIDER. 
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Additionally, LLMs have introduced a new discipline: prompt engineering. 

LLMs benefit from their ability to perform prompt engineering, making them 

adaptable to various settings without requiring additional training. Liu et al. 

(2023) analyzed ChatGPT's Text-to-SQL capabilities, achieving an execution 

accuracy of 70.1% on the Spider dataset. Jiang et al. (2023b) introduced 

StructGPT, a framework designed to enhance LLMs' zero-shot reasoning 

abilities over structured data. Their approach improved the zero-shot 

performance of LLMs, achieving 74.8% execution accuracy on the Spider 

dataset. Pourreza and Rafiei (2024) proposed the DIN-SQL approach, which 

utilizes few-shot prompting to break down the Text-to-SQL task into multiple 

steps. This method showed substantial improvements across various LLMs, with 

the DIN-SQL model reaching 75.6% execution accuracy with CodeX Davinci 

and 82.8% with GPT-4 on the Spider dataset. (Sun et al., 2023) developed SQL-

PaLM, an LLM-based model leveraging PaLM-2 (Anil et al., 2023), which is a 

Transformer-based model by Google. It achieved 82.7% execution accuracy on 

the Spider dataset in a few-shot setting. Fine-tuning SQL-PaLM further 

improved this to 82.8%. 

In our study (Kanburoğlu and Tek, 2024b), we evaluated the performance 

of general-purpose LLMs in Text-to-SQL, measuring execution accuracy (EX). 

Using Hugging Face’s framework for Llama-2-7b (Touvron et al., 2023) and 

directly prompting ChatGPT on the Spider development dataset, we found that 

ChatGPT achieved a remarkable execution accuracy of 73.83. In comparison, 

we observed that Llama-2-7b achieved a lower execution accuracy of 34.20. 

However, after we fine-tuned it on the Spider training set, its execution accuracy 

improved to 46.60. These results provide valuable insights into the effectiveness 

of these models and the role of fine-tuning in enhancing performance on the 

complex task of generating SQL queries from natural language. The results from 

our evaluation of ChatGPT and Llama-2-7b LLMs on Spider development set 

using zero-shot setting and fine-tuning are presented in Table 2.4. 
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Table 2.4 Execution Accuracy (EX) of Different LLMs on the Spider 

Development Set. 

Model Execution Accuracy (EX) 

ChatGPT 73.83 

Llama-2-7B 34.20 

Fine-tuned Llama-2-7B 46.60 

 

ChatGPT demonstrates a strong capability in performing the Text-to-SQL 

task, achieving an execution accuracy of 73.83%. This outperforms several 

existing models, including UniSAr (Dou et al., 2023), SADGA (Cai et al., 2021), 

and RYANSQL (Choi et al., 2021), highlighting its competitive advantage in 

accurately translating natural language queries into SQL statements. 

We explored some challenges encountered in the Text-to-SQL domain, 

particularly in ChatGPT. First, we examined the ordering issue, where ChatGPT 

generated multiple variations of a query without affecting the execution result. 

We explored how these variations might address the ordering problem. Second, 

we addressed the mismatch problem, where ChatGPT produced queries 

containing entities not present in the natural language input. While ChatGPT was 

able to generate variations that did not impact the execution result for the 

ordering issue, the results were less effective in resolving the mismatch problem. 

2.7 CONCLUSION 

In conclusion, we provided a methodical review of the Text-to-SQL 

problem. Firstly, we followed the PRISMA approach to identify surveys and 

review studies that discussed Text-to-SQL or NL2SQL. Next, we discussed 

some of the key challenges and issues. Further, we focused on the most 

commonly used benchmarks and evaluation metrics in Text-to-SQL studies. In 

addition, we provided implementation details of the Text-to-SQL methods. 

Finally, we explained the LLM-based Text-to-SQL models. 
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CHAPTER 3 

3. TUR2SQL 

Several Text-to-SQL datasets have been created for various languages 

(Nguyen et al., 2020; Min et al., 2019), especially for English (Iyer et al., 2017; 

Yu et al., 2019a; Yu et al., 2019b). In the beginning of this thesis study, we 

conducted an extensive search for Text-to-SQL datasets in Turkish. Although 

Text-to-SQL research has been growing, we observed that there were no publicly 

available datasets specifically for Turkish. To address this gap and contribute to 

ongoing efforts at the national level, we decided to produce a Turkish dataset. 

This need is addressed by TUR2SQL, the first publicly available cross-

domain Text-to-SQL dataset for Turkish. It includes a set of Turkish natural 

language queries paired with corresponding SQL queries. The dataset is made 

publicly available on Github4 for research purposes, aiming to support the Text-

to-SQL community. To construct TUR2SQL, we developed an automated 

framework that generates query pairs by utilizing existing database tables, 

columns, and Turkish natural language templates. 

3.1 DATASET GENERATION 

The core design principle of TUR2SQL was to create a cross-domain 

Turkish Text-to-SQL dataset containing basic SQL queries, generated 

automatically using a framework that combines database tables, columns, and 

Turkish natural language templates. To construct this dataset that pairs Turkish 

natural language with SQL queries, we developed a framework that automates 

this process. The framework generates natural language statements and SQL 

queries based on the provided database tables, columns, and Turkish language 

 
4 https://github.com/alibugra/TUR2SQL  

https://github.com/alibugra/TUR2SQL
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templates. The dataset generation process is outlined in Figure 3.1. This 

framework takes Turkish natural language templates, SQL query templates, and 

database information as input. 

 

Figure 3.1 TUR2SQL Dataset Generation Flow. 

The first step is to create a database table collection (Section 3.1.1). Next, 

a survey of Turkish natural language query creation is presented (Section 3.1.2). 

The following sections outline the process of selecting natural language queries 

(Section 3.1.3) and provide Turkish natural language and SQL templates 

(Section 3.1.4). Then, suffix rules for natural language templates are introduced 

(Section 3.1.5). The study proceeds to demonstrate the generation of natural 

language and SQL pairs (Section 3.1.6), concluding with insights into the dataset 

distribution (Section 3.1.7). 

3.1.1 Database Table Collection 

Since the database is one of the inputs for the framework that will 

automatically generate the dataset, it was created first. The goal was to develop 
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a cross-domain database by including tables from various domains. Prior to 

creating these tables, the WikiSQL (Zhong et al., 2017) and Spider (Yu et al., 

2018a) datasets were reviewed, focusing on the table and column structures 

across different domains. Drawing inspiration from the tables in these public 

datasets, the tables and columns were manually created. Domains such as cars, 

nurses, and students were represented through these tables. In total, 47 tables 

were created manually, all in Turkish. 

Since the created tables were empty, it was necessary to generate data for 

them. Two rows of data were added to each table as examples using the INSERT 

INTO command. The data were randomly selected by the authors and inserted 

into the tables. After the tables were created and populated, the database was 

saved in SQLite format (Hipp, 2020). The sample tables are presented in Figure 

3.2. 

 

Figure 3.2 Sample Tables from the TUR2SQL Database. 

3.1.2 Turkish Natural Language Query Creation Survey 

Another input component of the automatic dataset generation framework 

is the SQL query templates and their corresponding Turkish natural language 

templates. The first step involves generating the dataset using basic SQL queries. 

These queries will follow the SELECT-FROM-WHERE structure and will not 

include GROUP BY, ORDER BY, or NESTED queries. Therefore, five basic 

SQL queries were manually selected. For example, a student table was created, 

and the five basic queries were formulated accordingly, as shown in Figure 3.3. 
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Figure 3.3 Turkish Natural Language Query Creation Survey Form. The First 

Two Responses Have Been Filled Out as Examples. 

As the second step, the survey shown in Figure 3.3 was created on Google 

Forms5 using five basic SQL queries and a student table. For each query, 

participants were asked to write the corresponding sentence in Turkish natural 

language. The survey link was shared with SQL experts at Huawei Turkey R&D 

and with students from the Database Systems Course at FMV Işık University, 

who have basic SQL knowledge. Google Forms allowed the creation of 

questions and the collection of responses from SQL experts and students. A total 

of 74 respondents participated in the survey. Since participants provided answers 

for each SQL query, there were 74 responses per query, totaling over 350 

 
5 https://www.google.com/forms/about/  

https://www.google.com/forms/about/
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answers. The responses could be in the form of either statements or questions. 

Some of the collected answers are shown in Figure 3.4. All responses were 

exported as a CSV file from Google Forms. 

 

Figure 3.4 Sample Survey Answers. 

3.1.3 Natural Language Query Selection 

The natural language queries collected through the survey were first 

processed in a preprocessing step. This included lowercasing the text and 

removing punctuation. Sentences containing “*” were discarded. English words 

like “student” were replaced with their Turkish equivalent “öğrenci” to align 

with the student table. The preprocessing steps are illustrated with three example 

sentences in Figure 3.5. 
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Figure 3.5 Preprocessing Steps. 

After completing the preprocessing steps, selection criteria were defined. 

The natural language sentences collected for each basic query were first 

organized into a probability mass function (PMF) (Stewart, 2009), based on their 

frequency of use. The probability of each sentence was represented in this 

function. Then, using the numpy random choice library (Harris et al., 2020), 

sentences were randomly selected by their probabilities in the PMF. A total of 

ten natural language sentences were chosen for each basic query. 

3.1.4 Turkish Natural Language & SQL Templates 

Five basic SQL queries were identified, and corresponding templates were 

created for each query group. As mentioned in the previous section, ten natural 

language queries were selected for each basic query. These queries were 

structured according to the query type, table name, column name, and values 

within the selected sentences. 
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To use the five manually selected SQL queries as templates, table names, 

column names, and the values in the WHERE clause were defined as 

placeholders within these queries. 

Additionally, to extend the queries involving the WHERE clause, extra 

templates were generated using the existing natural language and SQL 

templates. An example of this is shown in Figure 3.6. Templates such as 

“Veritabanındaki $column_name $value olan $table_name $column_name2 

yazdır” were also incorporated into the framework. 

 

Figure 3.6 A Sample Row from the TUR2SQL Dataset in “*.jsonl” Format. 

3.1.5 Suffix Rules for Natural Language Templates 

The choice of suffixes for variables in the templates was determined by 

their equivalents in the natural language. Suffixes for dative, accusative, 

ablative, plural, possessive, and genitive cases were applied to the variables 

based on the context of the words they were associated with. These suffixes were 

added to columns, values, and table names as needed. 

For example, in the sentence “Tüm öğrencileri getir” (Bring all students), 

the corresponding natural language template would be “Tüm $table_name getir.” 
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In this case, the Turkish word for “student”, “öğrenci” corresponds to the 

variable “$table_name” Since the plural form of “öğrenci” is “öğrenciler” the 

plural suffix “-lar / -ler” (Oflazer, 1994) is applied to the table name. Thus, the 

plural suffix is added to the table name in this example. 

3.1.6 The Generation of Natural Language and SQL Pairs 

To generate Turkish natural language and SQL query pairs, as described 

earlier, the data generation framework is provided with database tables, columns, 

SQL query templates, and Turkish natural language templates. The framework 

fills the placeholders in these templates with the corresponding database table 

names, column names, and values. This process resulted in the creation of a 

dataset containing 10,809 pairs of Turkish natural language and SQL queries. 

3.1.7 Dataset Distribution 

Table 3.1 shows the distribution of the dataset across the different subsets: 

development set (dev), test set (test), and training set (train). The development 

set includes 78 queries with the MAX aggregation function, 54 with the COUNT 

aggregation function, and 949 queries without any aggregation in the SELECT 

clause. Additionally, 311 queries in the development set contain a WHERE 

clause. The test set consists of 167 queries with the MAX aggregation function, 

85 with the COUNT function, and 1910 queries without aggregation in the 

SELECT clause. Moreover, 638 queries in the test set include a WHERE clause. 

The training set comprises 495 queries with the MAX aggregation function, 331 

with the COUNT function, and 6740 queries without aggregation in the SELECT 

clause. Additionally, 2161 queries in the training set include a WHERE clause. 

Table 3.1 TUR2SQL Dataset Distribution. 

Dataset Total # MAX # COUNT None # WHERE 

Dev 1081 78 54 949 311 

Test 2162 167 85 1910 638 

Train 7566 495 331 6740 2161 
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We divided the dataset into three parts: Development (dev), Testing (test), 

and Training (train). The dataset is structured to resemble the WikiSQL (Zhong 

et al., 2017) dataset, with files saved in the "*.jsonl" format. Figure 3.6 shows a 

sample row from the dataset, and the following list describes the attributes of 

each field. 

• question: represents the natural language query generated by the 

framework. 

• query_tok: contains the tokens of the SQL query. 

• table_id: refers to the identifier of the table addressed in natural 

language. 

• sql: categorized into “agg” (aggregation), “sel” (selection), and 

“conds” (conditions). The “agg” field uses numerical indexes: 1 

represents MAX, 3 represents COUNT, and 0 represents none. The 

“sel” field contains the numerical index of the selected column, 

while the “conds” field includes the column index, operator index, 

and condition information. 

• phase: indicates the phase during which the dataset was generated. 

• query: stores the SQL query corresponding to the natural 

language. 

• question_tok: contains the tokens of the question. 

3.2 EXPERIMENTS AND RESULTS 

In this study, we used two commonly applied evaluation metrics from the 

WikiSQL dataset: execution accuracy and logical-form accuracy. In Table 3.2, 

these metrics are abbreviated as “EX” and “LF” respectively. Execution 

accuracy measures the similarity between the generated query and the ground 

truth by executing both queries on the same database and comparing their 

outputs. This metric calculates the ratio of correctly executed SQL queries to the 
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total number of examples, indicating how accurately the queries produce the 

expected results (Zhong et al., 2017). Logical-form accuracy evaluates the 

similarity between the generated query and the ground truth by checking if the 

two queries match exactly in their string form (Zhong et al., 2017). We 

performed experiments on the TUR2SQL dataset using SQLNet (Xu et al., 2017) 

and ChatGPT models to tackle the Text-to-SQL problem in Turkish. The results 

are presented in Table 3.2. 

Table 3.2 Dev and Test Accuracies on the TUR2SQL Dataset. 

Model Dev Test 

LF EX LF EX 

SQLNet 42.92 44.49 39.03 40.19 

ChatGPT 93.61 98.79 86.72 98.38 

 

We trained the SQLNet model using the implementation from its GitHub 

repository6, which employs GloVe (Pennington et al., 2014) for English word 

embeddings. For our Turkish language requirements, we used Turkish GloVe 

embeddings obtained from a different repository7. To assess SQLNet's 

performance, we evaluated it on the development (dev) and test sets of the 

TUR2SQL dataset. On the development set, SQLNet achieved a logical form 

accuracy of 42.92% and an execution accuracy of 44.49%. In the test set, the 

logical form accuracy was 39.03%, and the execution accuracy was 40.19%. 

These results show that SQLNet achieves moderate accuracy when generating 

and executing SQL queries on Turkish text inputs. 

We also used the ChatGPT model to address the Text-to-SQL task on the 

TUR2SQL dataset. ChatGPT is a large language model-based chatbot developed 

by OpenAI, built on GPT-3.5 and GPT-4, with users on the free tier having 

access to the GPT-3.5 version. We leveraged ChatGPT to process Turkish 

 
6 https://github.com/xiaojunxu/SQLNet 

7 https://github.com/inzva/Turkish-GloVe 

https://github.com/xiaojunxu/SQLNet
https://github.com/inzva/Turkish-GloVe
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natural language statements and generate corresponding SQL queries. The 

results demonstrated ChatGPT's superior performance over SQLNet. On the 

development set, ChatGPT achieved a logical form accuracy of 93.61% and an 

execution accuracy of 98.79%. On the test set, the logical form accuracy was 

86.72%, while the execution accuracy reached 98.38%. These results underscore 

ChatGPT's strong ability to accurately convert Turkish natural language queries 

into SQL. 

3.3 CONCLUSION 

We introduced TUR2SQL, the first publicly available cross-domain Text-

to-SQL dataset for the Turkish language. To create this dataset, we developed 

an automated framework that generates data using the provided database tables, 

columns, and Turkish natural language templates. The TUR2SQL dataset 

includes 10,809 pairs of Turkish natural language statements and their 

corresponding SQL queries, covering a range of domains. We evaluated the 

dataset using SQLNet and ChatGPT models and presented the results. The 

experiments showed that while SQLNet had limited performance, ChatGPT 

demonstrated superior performance on the dataset. The TUR2SQL dataset, 

created specifically for this study, is designed to advance Turkish natural 

language understanding and encourage further research in the Text-to-SQL field. 

A conference paper (Demirkiran et al., 2024) utilizing TUR2SQL has been 

published. This study focuses on evaluating the performance of large language 

models (LLMs), including GPT-3.5 Turbo, T5, and SQLCoder, on TUR2SQL. 

The results show that fine-tuning the models with schema context leads to 

significant improvements in SQL generation accuracy. 
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CHAPTER 4 

4. TURSPIDER 

Recently, the advancement of large language models (LLMs) like PaLM 

(Anil et al., 2023) and GPT-4 (Achiam et al., 2023) has led to significant 

progress in the Text-to-SQL field. These models utilize advanced techniques to 

tackle the challenges (Zhang et al., 2024) of translating natural language into 

SQL queries. The Spider benchmark (Yu et al., 2018a) is commonly used to 

assess these models, as it features complex queries, including nested structures 

and advanced SQL clauses like GROUP BY and ORDER BY. 

Most research in this area has primarily focused on the English language, 

with limited attention given to non-English languages. Several datasets exist in 

languages such as Chinese (Min et al., 2019), Russian (Bakshandaeva et al., 

2022), Arabic (Almohaimeed et al., 2024), and Portuguese (Jose and Cozman, 

2021), including versions of the popular Spider dataset. However, resources for 

Turkish remain notably scarce. While a Turkish Text-to-SQL dataset 

(Kanburoğlu and Tek, 2023) is available, it consists mainly of simple SQL 

queries with a SELECT statement and a single WHERE clause, lacking more 

complex nested queries. This underscores the need for a more comprehensive 

benchmark for Turkish Text-to-SQL tasks. The primary goal of this study is to 

create such a benchmark dataset to facilitate model evaluation and cross-

language comparisons. With the dataset development, we aim to address the 

following research questions: 

• Can inference-based state-of-the-art LLMs already solve the 

Turkish Text-to-SQL problem? We address this by evaluating 

state-of-the-art LLMs on the Turkish Text-to-SQL task. 

• Can Turkish LLMs fine-tuned on the Turkish Spider (TURSpider) 

dataset solve the Turkish Text-to-SQL problem? We explore this 



 

37 

 

by fine-tuning Turkish LLMs on the TURSpider dataset and 

assessing their performance. 

• How do fine-tuned Turkish LLMs perform compared to the GPT-

3.5 Turbo and GPT-4 on the TURSpider dataset? We investigate 

this by comparing the performance of fine-tuned Turkish LLMs 

with GPT-3.5 Turbo and GPT-4 on TURSpider. 

• How can we improve LLM performances for the Turkish Text-to-

SQL problem? We approach this by applying the CoF 

methodology to enhance LLM performance on Turkish Text-to-

SQL. 

To address these research questions, we developed the TURSpider dataset, 

which includes complex domain queries and a substantial number of examples, 

similar to the Spider dataset. Rather than creating an entirely new dataset from 

scratch, we opted to translate the original Spider dataset to enable cross-language 

comparisons. To ensure high quality and authenticity, we used a rigorous human 

translation process instead of relying on machine translation. 

Open-source Turkish-supported large language models currently perform 

poorly on the Turkish Text-to-SQL task. To improve their capabilities, we fine-

tuned these models using our TURSpider dataset. Our results show that this fine-

tuning significantly enhances the models' performance on Turkish Text-to-SQL 

tasks. 

This study introduces the development and release of the TURSpider 

dataset, along with an investigation into fine-tuning LLMs to improve their 

performance on Turkish Text-to-SQL tasks. Our contributions are summarized 

as follows: 

• Construction of the TURSpider Dataset: We created and released 

the TURSpider dataset, which is specifically designed for Turkish. 

This provides a benchmark for evaluating Text-to-SQL systems in 

Turkish, improving the availability of large-scale Turkish Text-to-

SQL datasets. 
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• Fine-tuning Turkish Language Models: Using the TURSpider 

dataset, we fine-tuned Turkish large language models. By refining 

these models with the new dataset, we show that one can improve 

their ability to handle Text-to-SQL tasks, making them more useful 

in real-world applications. 

• Comparative Analysis with Advanced Language Models: Our 

study compares the fine-tuned Turkish large language models with 

advanced models like OpenAI GPT-3.5 Turbo and GPT-4. This 

comparison helps us understand the performance and abilities of 

Turkish-specific models compared to globally trained ones, 

providing insights into language modeling across different 

languages. 

4.1 CONSTRUCTION OF THE TURSPIDER DATASET 

We developed the TURSpider dataset by manually translating the original 

Spider dataset from English to Turkish. Instead of creating a new dataset, we 

opted for translation to support cross-language studies, as the Spider dataset 

already includes translations in multiple languages, which enables easier 

comparative analysis. Our initial step was to perform a thorough analysis of the 

Spider dataset, which consists of 166 databases, each with 684 unique table 

names. These tables contain various columns with different amounts of data, all 

stored in SQLite (Owens, 2006) files. 

For the translation process, we used a human translation method as shown 

in Figure 4.1. We worked with three third-year Computer Engineering students 

from Istanbul Technical University, all of whom are fluent in English and have 

performed well in database courses. The data to be translated was split into three 

sections, with each student assigned a portion. The process included a multi-step 

quality control system: the second student reviewed, corrected, and validated the 

first student's translation, and the third student then reviewed, corrected, and 

verified the second student's work. This approach allowed each student to 
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participate in every round of translation, ensuring thorough cross-checking, 

correction, and verification. 

 

Figure 4.1 TURSpider Human Translation Approach. 

The human translation method was used for both the database schema 

(including database names, table names, and column names) and the dataset 

(which included questions and queries from the training and development sets). 

The Spider test set was excluded as it was not publicly available. 

We followed several steps in the translation process: First, we translated 

the English database names into Turkish. Then, we translated the table names 

within these databases into Turkish as well. Additionally, both the table and 

column names were translated. While some table names appeared under 

different databases, we translated them according to their respective domains. 

For instance, the word “department” was translated as both “departman” and 

“bakanlık” (meaning “ministry” in English) in different databases. Finally, the 

questions and queries in the training and development datasets were translated 

based on the translated database, table, and column names. Figure 4.2 shows the 

database schema structure along with examples from the English Spider and 

TURSpider datasets for both training and development data. 
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Figure 4.2 TURSpider Database Schema Info. 

4.1.1 Man-hours Spent 

During the translation of the dataset, we also tracked the total man-hours 

spent. The first round of translating the database took 52 man-hours. The first 

round of the development set translation consumed 28 man-hours, while 170 

man-hours were required for the first round of translating the training set. In the 

second round of translations, 72 man-hours were used, and the third and final 

round took 42 man-hours. In total, 364 man-hours were spent translating the 

Spider dataset into the TURSpider dataset, as shown in Figure 4.3. 

 

Figure 4.3 Man-Hours Spent Across Translation Phases. 
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4.1.2 Data Statistics 

The TURSpider dataset consists of two primary subsets: a development set 

and a training set, both structured and scaled similarly to the widely-used Spider 

dataset. The development set includes 1034 data rows, with 1023 unique 

questions and 584 distinct SQL queries. The training set contains 8659 data 

rows, 8506 unique questions, and their corresponding SQL queries. 

Additionally, the dataset takes into account the difficulty levels of the SQL 

queries. Figure 4.4 displays examples of both simple and challenging natural 

language statements and their corresponding SQL queries in English and 

Turkish. For detailed statistics on question and query uniqueness, as well as 

difficulty levels, refer to Table 4.1. The size and diversity of TURSpider, with 

its unique questions and varied SQL queries, indicate that the dataset’s findings 

could be valuable for real-world applications. 

 

Figure 4.4 Example Natural Language Statements with Corresponding SQL 

Queries in TURSpider. 

 
 
 
 
 

 



 

42 

 

Table 4.1 TURSpider Dataset Distribution. # Q, # SQL, # E, # M, # H, and # 

EH Denote the Numbers of Unique Questions, Unique SQL Queries, Easy, 

Medium, Hard, and Extra Hard Level SQL Queries, Respectively. 

 

4.1.3 Evaluation 

We evaluated the translated dataset using an inter-annotator agreement 

measure. Three students independently translated the same set of sentences, and 

the agreement between their translations was calculated. The inter-annotator 

agreement was 86.36% for the training set and 81.04% for the development set, 

showing substantial consistency in the translations. 

4.2 FINE TUNING TURKISH LANGUAGE MODELS 

We performed experiments on the TURSpider dataset using both 

inference-only and fine-tuning approaches with the following models: 

• GPT-3.5 Turbo is an OpenAI model accessible via the OpenAI 

API, offering a context window of 16,385 tokens, enabling it to 

process and interpret longer text inputs. 

• GPT-4 is a major advancement in artificial intelligence 

technology, featuring a context window of 128,000 tokens and 

approximately 1 trillion parameters. This model is optimized for 

handling complex tasks with exceptional accuracy and efficiency. 

• Trendyol-LLM-7b-base-v0.1 is a generative model based on the 

Mistral 7B, trained in both English and Turkish. 

• SambaLingo-Turkish-Base is a pretrained bilingual model for 

Turkish and English, adapted from Llama-2-7b through training on 

42 billion tokens in Turkish. 
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• Turkcell-LLM-7b-v1 is an enhanced version of a Mistral-based 

Large Language Model (LLM) designed for Turkish. It was trained 

on a curated Turkish dataset with 5 billion tokens, utilizing the 

DORA (Liu et al., 2024) and LORA (Hu et al., 2021) methods. 

In our fine-tuning approach, we used models with 4-bit quantization and 

16-bit floating-point precision for computations. The tokenizer was also 

configured for right-side padding. For training, we applied the SFTTrainer from 

Hugging Face with a batch size of 4 on a single A100 GPU, and utilized a cosine 

learning rate schedule. 

For GPT-3.5 Turbo (Ye et al., 2023) and GPT-4 (Achiam et al., 2023) 

inferences, the default settings, including temperature values, were used within 

the OpenAI API. 

An example of an LLM prompt (in Turkish) used as input for Text-to-SQL 

translation is shown in Figure 4.5. The English translation of the prompt is: 

“Write an SQL query for the given natural language statement and table 

information. Natural language statement: Write SQL query for given natural 

language statement and table information. Natural language statement: Where is 

the youngest teacher from? Table Information: teacher (Teacher_ID, Name, 

Age, Hometown)” 

 

Figure 4.5 LLM Prompt for Text-to-SQL Translation. 
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4.3 CHAIN-OF-FEEDBACK 

Chain-of-Thought (CoT) (Wei et al., 2022) is a widely used prompting 

technique that enhances the reasoning abilities of large language models by 

breaking down complex problems into smaller, sequential steps. Building on the 

CoT approach, several Chain-of-X (CoX) methods (Xia et al., 2024) have been 

introduced. 

A key variant of CoX is the Chain-of-Feedback (CoF), which incorporates 

feedback from the output of LLMs throughout the generation process to refine 

responses. In our study, we apply the CoF method to enhance the Text-to-SQL 

performance of LLMs. Our approach involves an iterative feedback loop where 

SQL queries are executed, and any errors from the execution are fed back into 

the system. This error feedback, along with the initial prompt, is then used to 

regenerate the SQL query. 

4.4 EXPERIMENTS AND RESULTS 

There is ongoing research on Turkish large language models (LLMs), with 

new models regularly being developed. In April 2024, we conducted 

experiments using selected models from Hugging Face (Wolf et al., 2019). For 

fine-tuning Turkish language models, we focused on popular options such as 

Llama-2 (Touvron et al., 2023) and Mistral (Jiang et al., 2023a), selecting models 

of similar sizes, specifically 7B. As a result, we chose Trendyol LLM, Turkcell 

LLM, and Sambalingo LLM, all of which are industry-specific models from the 

Hugging Face repository. After fine-tuning, we renamed them TrendyolSQL, 

TurkcellSQL, and SambaLingoSQL, respectively. We then ran experiments 

using our proposed TURSpider dataset. For evaluation, we used execution 

accuracy (EX) (Zhong et al., 2017) across all experiments. Execution accuracy 

assesses the correctness of predictions by executing the ground truth (G) and 

predicted (P) SQL queries on the underlying database and comparing the results. 

A prediction is considered correct if the execution results match. To begin, we 
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calculated the match score between the ground truth SQL and the predicted SQL, 

as shown in equation (4.1): 

𝑚𝑎𝑡𝑐ℎ(𝐺, 𝑃) = {
1, 𝐺 = 𝑃
0, 𝐺 ≠ 𝑃

 
(4.1) 

Then, the execution accuracy (EX) is calculated by equation (4.2): 

𝐸𝑋 =
∑ 𝑚𝑎𝑡𝑐ℎ(𝐺, 𝑃)𝑁

𝑛=1

𝑁
 

(4.2) 

We provided 1,034 natural language statements and database schemas 

from the TURSpider development set to GPT-3.5 Turbo and GPT-4. The 

execution accuracy of SQL queries obtained through inference-based methods 

was 55.99 and 57.25, respectively. Fine-tuning Turkish-supported large 

language models (LLMs) with 8,659 natural language statements and SQL query 

pairs from the TURSpider training set, along with database schemas, resulted in 

varying accuracies across different LLMs. The TrendyolSQL model achieved an 

accuracy of 25.04, SambaLingoSQL reached 30.65, and TurkcellSQL attained 

58.22. These results are shown in Table 4.2. The TurkcellSQL model 

outperformed both inference-based models and other fine-tuned models in terms 

of accuracy. 

Table 4.2 Execution Accuracy (EX) of LLMs on the TURSpider Development 

Set. 

 

Table 4.3 shows the execution accuracy results from various LLMs tested 

against SQL queries of different difficulty levels using the TURSpider 

development dataset. The analysis reveals notable differences in performance 

across the LLMs, depending on query complexity. For medium-difficulty SQL 
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queries, GPT-4 performs the best, demonstrating superior accuracy compared to 

the other LLMs in the study. This highlights GPT-4’s strong ability to interpret 

and execute moderately difficult SQL queries. TurkcellSQL stands out as the top 

performer across all difficulty levels—easy, hard, and extra hard—consistently 

surpassing the other models. Its strong performance emphasizes its robustness in 

handling a wide range of SQL query challenges. 

Table 4.3 Execution Accuracy (EX) of LLMs with Different Hardness Levels 

on the TURSpider Development Set. 

 

Recently, several advanced methods (Kanburoğlu and Tek, 2024b) have 

demonstrated superior performance on the original Spider dataset compared to 

the results we obtained on our dataset. For example, custom methods tested on 

Spider have shown impressive results. The DIN-SQL model, for instance, 

achieved an execution accuracy of 82.8% using GPT-4, while SQL-PaLM 

reached an execution accuracy of 82.7% on the same dataset. 

4.4.1 CoF Results 

Table 4.4 presents a comparison of model execution accuracy (EX) and 

the number of execution errors for various iterations of language models, 

including GPT-3.5 Turbo, GPT-4, and TurkcellSQL, both separately and with 

the Chain-of-Feedback (CoF) method. 

 

 



 

47 

 

Table 4.4 Execution Accuracy (EX) of LLMs with and without Chain-of-

Feedback (CoF) on TURSpider Development Set. 

 

TurkcellSQL achieves the highest execution accuracy of 58.22, with 111 

execution errors. However, integrating the CoF approach results in noticeable 

improvements across all models. GPT-4 + CoF reaches an execution accuracy 

of 59.57, with 59 execution errors, followed by TurkcellSQL + CoF at 60.05 

with 70 execution errors. Interestingly, while GPT-3.5 Turbo + CoF and GPT-4 

+ CoF show a slight decrease in execution accuracy compared to their 

unaugmented versions, they exhibit significant reductions in execution errors, 

suggesting a more refined and precise execution process enabled by the CoF 

methodology. Overall, the integration of Chain-of-Feedback proves to be an 

effective enhancement strategy, improving execution accuracy and reducing 

errors across various language model architectures. 

4.4.2 Error Analysis 

GPT-3.5 Turbo, GPT-4, and TurkcellSQL were evaluated based on their 

ability to generate SQL queries against a database schema. The analysis revealed 

discrepancies between the generated queries and their execution results. 

For GPT-3.5 Turbo, out of 1034 generated queries, 579 (55.99%) matched 

the execution results, while the remaining 455 queries either failed to match or 

were inaccurately generated. A manual inspection of these 455 queries showed 

that 408 (89.67%) were syntactically correct SQL queries but did not match the 

execution results. Additionally, 47 (10.33%) queries were found to be 

inaccurately generated. Among these inaccuracies, it was observed that 25 
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queries used non-existent column names, 14 used non-existent table names, 1 

had an ambiguous column reference, 1 had the wrong number of arguments for 

a function, 2 used non-existent functions, and 4 had syntax errors. 

Similarly, for GPT-4, out of 1034 generated queries, 592 (57.25%) 

matched the execution results, leaving 442 queries with discrepancies. Upon 

manual inspection, 339 (76.70%) of these queries were syntactically correct but 

did not match the execution results. Additionally, 103 (23.30%) queries were 

inaccurately generated. Among these inaccuracies, it was found that 26 queries 

used non-existent column names, 66 used non-existent table names, 2 had 

ambiguous column references, 1 had the wrong number of arguments for a 

function, 2 used non-existent functions, and 6 had syntax errors. 

Further analysis focused on the TurkcellSQL model. For this model, out 

of 1034 generated queries, 602 (58.22%) matched the execution results, while 

the remaining 432 queries had issues. Manual examination showed that 321 

(74.31%) of these queries were syntactically correct but did not match the 

execution results. Additionally, 111 (25.69%) queries were inaccurately 

generated. Among these inaccuracies, it was observed that 83 queries used non-

existent column names, 15 used non-existent table names, 7 had ambiguous 

column references, 2 had misuse errors, and 4 had syntax errors. 

Table 4.5 Error Distribution on Generated SQL Queries for Different LLMs. 
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We also conducted a more detailed analysis of the error types shown in 

Table 4.5. Since most errors are caused by “no such table” and “no such column” 

errors, we focused on these two error types in more detail. We provide examples 

for “no such table” and “no such column” errors with gold and predicted SQL 

queries in Table 4.6. We observed that errors mostly arise from Turkish character 

errors, plural suffix errors, and hallucinations. For instance, in the case of a 

Turkish character error, if the table name is “öğrenci” (student in English), LLM 

predicted it as “öğrenci”. Plural suffix errors were seen where “arabalar” (cars 

in English) was written as “araba” (car in English). For hallucinations, we 

noticed instances where English words were used instead of Turkish table or 

column names. There were also made-up words, and underscores were used to 

separate compound words. The distribution of these errors for GPT-3.5 Turbo, 

GPT-4, and TurkcellSQL is shown in Figure 4.6. 

 

Figure 4.6 Error Detail Distribution. 

Figure 4.7 compares the number of errors made by the three models, GPT-

3.5-Turbo, GPT-4, and TurkcellSQL, across different difficulty levels. GPT-3.5-

Turbo performs well on easy and hard tasks but struggles with medium and extra 

hard challenges. GPT-4 shows a more balanced distribution of errors, 

particularly with increases in medium and extra hard tasks. TurkcellSQL does 

well in easy tasks but has significant difficulties in medium and extra hard levels. 
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Overall, these findings indicate that while GPT-3.5-Turbo and TurkcellSQL are 

effective with simpler tasks, all models face challenges with more complex 

queries. 

   

Figure 4.7 Number of Errors Made by LLMs with and without (CoF) Across 

Different Difficulty Levels. 

Table 4.6 Examples of Errors in Generated SQL Queries. 

 

4.5 CONCLUSION 

We presented TURSpider, a large-scale, complex, cross-domain Text-to-

SQL dataset containing SQL queries at varying difficulty levels. Translated from 

the original English Spider dataset into Turkish, TURSpider establishes a strong 

benchmark for Turkish Text-to-SQL tasks, filling the gap in advanced Turkish 
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datasets. We also compared the performance of fine-tuned Turkish large 

language models (LLMs) with inference-based models like GPT-3.5 Turbo and 

GPT-4, showing that Turkish LLMs are competitive and often outperform these 

inference-based models. Additionally, we performed an error analysis of the 

generated SQL queries, offering valuable insights and directions for future 

research. We believe the public release8 of TURSpider will serve as an important 

benchmark for Turkish and cross-lingual Text-to-SQL research and applications. 

 

 

 

 

 

 

 

 

 

 
8 https://github.com/alibugra/TURSpider  

https://github.com/alibugra/TURSpider


 

52 

 

CHAPTER 5 

5. MOAF-SQL: A FEEDBACK DRIVEN MIXTURE-OF-AGENTS 

APPROACH 

Large Language Models (LLMs) have shown great potential in the Text-

to-SQL task, achieving strong results (Gao et al., 2024; Pourreze and Rafiei, 

2024; Kanburoğlu and Tek, 2024) across various benchmarks. However, most 

previous research has focused on OpenAI LLMs (Pourreza and Rafiei, 2024; 

Dong et al., 2023), while open-source models have been less studied. Open-

source LLMs are more accessible but often face limitations with understanding 

context and generating responses. Recent advancements in agentic collaboration 

approaches (Wang et al., 2023; Cen et al., 2024; Xie et al., 2024) have further 

enhanced the capabilities of LLMs, allowing them more accurate handling of 

complex queries. These methods, particularly those involving multiple agent 

collaboration, provide effective ways to improve performance by combining the 

strengths of different models. 

In this study, we draw inspiration by the Mixture-of-Agents (MoA) (Wang 

et al., 2024) approach, a general framework that enhances the task-solving 

performance of LLMs through the collaboration of multiple models. We apply 

MoA to the Text-to-SQL task to improve the translation of natural language 

statements into executable SQL queries. The collaborative process in MoA helps 

generate higher-quality SQL queries, leading to better accuracy, particularly for 

complex queries. Our contributions can be listed as follows: 

• Mixture-of-Agents (MoA) improves performance: The MoA 

approach enhances the performance of open-source LLMs on the 

Text-to-SQL task, achieving higher accuracy through model 

collaboration. 
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• Chain-of-Feedback (CoF) (Xia et al., 2024) contributes additional 

gains: The CoF technique independently improves model 

performance by iteratively refining the model’s output. 

• Combination of MoA and CoF: Integrating MoA with CoF leads 

to further improvements, showing that these methods can be 

effectively combined to boost the performance of open-source 

LLMs on the Text-to-SQL task. 

5.1 METHODOLOGY 

The Mixture-of-Agents (MoA) methodology (Wang et al., 2024), inspired 

by the Mixture-of-Experts (MoE) (Shazeer et al., 2017) approach, leverages 

multiple Large Language Models (LLMs) to collaboratively enhance response 

quality. During the collaboration process, LLMs categorized into two distinct 

roles: Proposers and Aggregators. Proposers generate diverse responses, even if 

they may not be of the highest quality. They form the preliminary context and 

draft examples, helping to create the final response of the aggregator. 

Aggregators are models that gather and combine responses generated by 

Proposers into a single, coherent and informative final response. The MoA 

structure consists of l layers, with each layer i containing n large language 

models (LLMs), represented as 𝐴𝑖,1, 𝐴𝑖,2, … 𝐴𝑖,𝑛. Each LLM 𝐴𝑖,𝑗 processes an 

input text and generates a continuation of it. Given an initial input prompt 𝑥1, 

the output of the i-th, layer in the MoA structure, denoted 𝑦𝑖, is defined as 

equation (5.1): 

𝑦𝑖 = ⨁
𝑛

𝑗 = 1
[𝐴𝑖,𝑗(𝑥𝑖)] +  𝑥1,           𝑥𝑖+1 = 𝑦𝑖 

(5.1) 

Here, + denotes text concatenation, while ⨁ represents the application of 

an Aggregate-and-Synthesize prompt. We take 𝐴𝑙,1(𝑥𝑙) (output from the LLM 

in the l-th layer as the final result and evaluate our metrics based on this output. 

This structure operates entirely through prompting and generation, without the 

need for fine-tuning. 
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In this study, we implemented a two-layer architecture to support the MoA 

approach. The first-layer consists of multiple LLMs that independently process 

a given Text-to-SQL prompt, each generating a response based on its 

interpretation of the query. In the second layer, an aggregation step takes place, 

where a final LLM synthesizes the outputs from the first-layer models into a 

cohesive and optimized SQL query. Aggregation step aims to improve the 

accuracy and quality of the final output by combining the different responses 

provided by the initial models. As illustrated in Figure 5.1, for example, we 

utilized three LLMs in the first-layer—Llama3.1 8B (Dubey et al., 2024), Mistral 

NeMo 12B (AI, 2024), and Qwen2 7B (Yang et al., 2024). In the second layer, 

the outputs from these models were aggregated by a final LLM, Gemma2 27B 

(Team et al., 2024a). 

With the proposed model we address the following research questions: 

• RQ1: Does the Mixture-of-Agents (MoA) approach improve the 

performance of open-source large language models (LLMs) on the 

Text-to-SQL task? 

• RQ2: Does the Chain-of-Feedback (CoF) technique enhance the 

performance of open-source LLMs on the Text-to-SQL task? 

• RQ3: Does combining the Chain-of-Feedback method with the 

Mixture-of-Agents approach further improve the performance of 

open-source LLMs on the Text-to-SQL task? 

To evaluate the performance of MoA-SQL, we use the Spider (Yu et al., 

2018a) dataset, a comprehensive and widely-used benchmark for Text-to-SQL 

tasks. The Spider dataset contains a diverse set of queries and corresponding 

SQL statements, spanning various domains and complexity levels. This enables 

a rigorous evaluation of our approach against existing models and provides 

insights into its effectiveness in handling real-world Text-to-SQL challenges.



 

 

 

 

Figure 5.1 Illustration of the Feedback-Driven Mixture-of-Agents (MoAF) Approach. The Example Shows the Three Initial LLMs 

and the Aggregator LLM, Applied to a Text-to-SQL Task.

5
5
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We used Execution Accuracy (EX) (Zhong et al., 2017) as an evaluation 

metric to assess the performance of the predicted SQL queries. EX measures the 

correctness of the execution results, determining if the generated SQL produces 

the correct output for the given input. 

5.2 EXPERIMENTS AND RESULTS 

To implement our experiments, we used Ollama (Ollama, 2024), an open-

source framework that simplifies management of large language models. We 

utilized Ollama’s library of models alongside Google Colab (Google, 2024) to 

download open-source models and perform inference on them. This setup 

allowed us to efficiently execute our MoA-SQL pipeline and conduct 

experiments across different model combinations. All models were used with 

their default parameters to ensure a consistent baseline without parameter 

modifications to fairly evaluate the impact of the Mixture-of-Agents and Chain-

of-Feedback techniques on Text-to-SQL performance. 

5.2.1 RQ1: Performance of Mixture-of-Agents Approach 

In this section, we compared the performance of the Mixture-of-Agents 

(MoA) approach to the baseline model.  

Table 5.1 Execution Accuracy (EX) of LLMs on the Spider Dev Set. 

Approach Model Execution Accuracy (EX) 

Inference-only Gemma 2 27B 73.98 

Inference-only Mistral NeMo 12B 70.69 

Inference-only Gemma 2 9B 70.40 

Inference-only CodeGemma 7B 70.30 

Inference-only Llama 3.1 8B 69.82 

Inference-only Qwen 2 7B 64.79 

MoA Gemma 2 27B 76.59 

MoAF Gemma 2 27B 77.27 
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For the aggregator model in MoA, we selected the Gemma 2 27B as the 

baseline. Based on this, we constructed our MoA architecture using three 

different open-source language models. When comparing the performance of the 

MoA architecture to the baseline, we observed that the MoA approach 

outperforms the Gemma 2 27B model. This comparison is detailed in Table 5.1, 

demonstrating the effectiveness of the MoA setup in improving performance 

relative to the baseline model. 

5.2.2 RQ2: Effectiveness of Chain-of-Feedback Technique 

We evaluated the execution accuracies of five different open-source LLM 

models on the Spider development set, both with and without the use of the 

Chain-of-Feedback (CoF) technique. As illustrated in Figure 5.2, the CoF 

framework begins with the LLM generating an SQL query based on a natural 

language input. This generated query is executed by a SQL executor. If the query 

executes successfully, the output is accepted as the final result. However, if the 

execution fails, the error message provided by the SQL executor is utilized as 

feedback and fed back into the LLM. The LLM uses this feedback to refine and 

regenerate the SQL query. 

 

Figure 5.2 Illustration of Chain-of-Feedback (CoF) for Text-to-SQL Task. 
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The execution accuracy values and the number of execution errors are 

presented in Table 5.2. The results indicate that applying the CoF technique 

improves execution accuracy and reduces the number of execution errors for the 

models. The Llama 3.1 8B model exhibits comparable execution accuracy 

compared to other models; however, initially it has a higher number of execution 

errors. The application of CoF significantly improves its performance, resulting 

in better execution accuracy than other models after the technique is applied. 

Table 5.2 Execution Accuracy (EX) of LLMs with and without Chain-of-

Feedback (CoF) on Spider Dev Set. 

Model Execution Accuracy (EX) # of Execution Errors 

Qwen 2 7B 64.79 149 

Llama 3.1 8B 69.82 103 

CodeGemma 7B 70.30 49 

Gemma 2 9B 70.40 56 

Mistral NeMo 12B 70.69 58 

Qwen 2 7B + CoF 67.50 100 

Llama 3.1 8B + CoF 73.11 47 

CodeGemma 7B + CoF 71.37 27 

Gemma 2 9B + CoF 71.08 38 

Mistral NeMo 12B + CoF 72.05 29 

 

5.2.3 RQ3: Integration of Chain-of-Feedback and Mixture-of-Agents 

In this section, we evaluate whether integrating the Chain-of-Feedback 

(CoF) technique with the Mixture-of-Agents (MoA) approach provides 

additional performance gains for open-source LLMs on the Text-to-SQL task. 

By combining MoA with CoF, we observe further improvements. The CoF 

technique, an iterative refinement process, introduces a mechanism for further 

accuracy gains by allowing models to iteratively refine their outputs based on 

feedback. Table 5.1 illustrates the improvements in execution accuracy when 

CoF is applied alongside MoA, forming the MoAF approach. These results 
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demonstrate that the combination of MoA and CoF yields higher performance 

across varying query difficulty levels as illustrated in Table 5.3. 

Table 5.3 Execution Accuracy (EX) of LLMs Across Difficulty Levels on the 

Spider Dev Set. 

Model Easy Medium Hard Extra Hard All 

Gemma 2 27B 94.35 73.54 59.77 59.63 73.98 

MoA-SQL 92.74 76.68 68.96 60.24 76.59 

MoAF-SQL 92.74 76.90 69.54 63.25 77.27 

 

5.2.4 MoAF for Turkish Study 

MoA and MoAF setups on the TURSpider dev dataset show effective 

performance using open-source LLM models with Turkish language support. 

The selected models include Aya Expanse 8B, Gemma 2 9B, and Mistral NeMo 

12B as proposer models, with Gemma 2 27B as the aggregator model. Table 5.4 

shows that both the MoA and MoAF structures perform better than the open-

source Gemma 2 27B model, achieving execution accuracies of 57.25 and 60.63, 

respectively. The MoAF approach, in particular, achieves competitive 

performance compared to the fine-tuned TurkcellSQL model on the TURSpider 

dataset. 

Table 5.4 Execution Accuracy (EX) of LLMs on the TURSpider Dev Set. 

Approach Model Execution Accuracy (EX) 

Inference-only Gemma 2 27B 53.77 

Inference-only Mistral NeMo 12B 36.75 

Inference-only Gemma 2 9B 52.32 

Inference-only Aya Expanse 8B 43.13 

MoA Gemma 2 27B 57.25 

MoAF Gemma 2 27B 60.63 
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5.2.5 Impact of Model Subset Combinations 

One related research question is whether the achieved results generalize 

over the various LLMs. To explore this, we conducted 10 experiments by 

selecting unique subsets of three models from a pool of five distinct models, 

assessing their impact on execution accuracy in a Text-to-SQL task. This 

selection process yields 10 unique combinations, calculated using the following 

formula for combinations: 

𝐶𝑘
𝑛 =

𝑛!

𝑘! (𝑛 − 𝑘)!
 

(5.2) 

where: 

• n is the total number of models, 

• k is the number of models to choose. 

The Mixture-of-Agents (MoA) approach utilized a pool of five distinct 

models: Llama3.1 8B (Dubey et al., 2024), Qwen2 7B (Yang et al., 2024), 

Mistral NeMo 12B (AI, 2024), Gemma2 9B (Team et al., 2024a), and 

CodeGemma 7B (Team et al., 2024b). 

 

Figure 5.3 Comparison of Errors and Execution Accuracy between the Baseline 

Model, Gemma 2-27B, and the Mixture-of-Agents-Based Gemma 2-27B. The 

Subsets, Indicated by Red Triangle Points, Show Varying Levels of 

Improvement over the Baseline Model, Represented by the Blue Circle Point. 
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Execution accuracy for each subset was compared to that of the baseline 

Gemma 2-27B (Team et al., 2024a) model. As shown in Figure 5.3, the subsets, 

represented by red triangle points, demonstrated varying levels of improvement 

over the baseline model, represented by the blue circle point. Each subset is 

labeled according to the constituent models, where “l” represents Llama3.1 8B, 

“q” represents Qwen2 7B, “m” represents Mistral NeMo 12B, “g” represents 

Gemma2 9B, and “c” represents CodeGemma 7B. For example, the label “lmq” 

denotes the subset consisting of Llama3.1 8B, Mistral NeMo 12B, and Qwen2 

7B. 

The results indicate that the MoA structure yields performance 

improvements, with subsets achieving diverse execution accuracies and varying 

numbers of errors. The variation in the number of errors among subsets suggests 

that specific combinations of LLMs can contribute to more robust performance, 

particularly in scenarios requiring lower error rates. 

5.3 CONCLUSION 

We introduced MoAF-SQL, an innovative approach to the Text-to-SQL 

task that enhances query accuracy by combining the strengths of multiple large 

language models within a Mixture-of-Agents (MoA) framework. With a two-

layer architecture, comprising individual response generation and final output 

aggregation, MoAF-SQL achieved notable accuracy and robustness in 

translating natural language prompts into SQL queries. Evaluations on the 

Spider and TURSpider benchmarks demonstrated that MoAF-SQL achieves 

competitive results and its potential tackling complex Text-to-SQL conversions. 
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CHAPTER 6 

6. DISCUSSION 

This section synthesizes the contributions, limitations, and future 

directions for each study—TUR2SQL, TURSpider, and MoAF-SQL. 

The TUR2SQL study represents an important step forward in Text-to-SQL 

research for Turkish by introducing the first publicly available cross-domain 

dataset in this space. It provides a strong starting point for researchers and 

practitioners. Our experiments showed that ChatGPT significantly outperformed 

SQLNet, showcasing the power of large language models for this task. However, 

the dataset’s focus on basic queries limits its applicability to more complex, real-

world scenarios. Expanding TUR2SQL with more diverse and complex query 

types could make it even more valuable. Additionally, fine-tuning Turkish LLMs 

using TUR2SQL could help us better understand their potential. 

The TURSpider study extends the scope by introducing a large-scale, 

complex, and cross-domain Text-to-SQL dataset for Turkish, translated from the 

English Spider dataset. With varying levels of SQL query complexity, 

TURSpider establishes a benchmark for Turkish Text-to-SQL tasks and 

demonstrates the competitive performance of fine-tuned Turkish LLMs 

compared to inference-based models like GPT-4. Its contributions include not 

only a valuable dataset but also an error analysis offering directions for 

improvement. However, translation bias and translation ambiguity limit its 

utility for purely Turkish applications. Addressing these issues in future work 

could involve creating native Turkish datasets and optimizing Turkish LLMs for 

reasoning and coding tasks. Additionally, prompt engineering could further 

enhance the performance of these models in handling complex queries. In our 

TURSpider study, we preferred the human translation approach because 

machine translation methods are not precise enough. Studies like CSpider, 

PAUQ, and ViText2SQL found that human translation approach is more 
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accurate and reliable than machine-translated data. However, a comparison with 

the machine translation method could still be conducted to provide additional 

insights. According to Sun et al. (2023), GPT-4 achieved 72.9 execution 

accuracy on the original Spider dataset in a zero-shot setting. Similarly, Liu et 

al. (2023) reported a 65.1 execution accuracy for ChatGPT on the Chinese 

CSpider dataset under the same conditions. In contrast, we observed a 57.25 

execution accuracy for GPT-4 on the TURSpider dataset in a zero-shot setting, 

highlighting the importance of our dataset. TURSpider could also support 

multilingual Text-to-SQL research by serving as a resource for studying 

language transfer and model fine-tuning. Adding TURSpider to multilingual 

benchmarks would help researchers explore how Turkish data can improve 

model performance in other languages. 

Finally, the MoAF-SQL study explores a novel approach by combining 

multiple large language models within a Mixture-of-Agents (MoA) framework 

to tackle Text-to-SQL tasks. This method proved effective, achieving 

competitive results on the Spider benchmark. The framework shows promise, 

but its reliance on open-source models and the lack of optimization in the 

aggregation prompt are areas where improvement is needed. Future studies 

could build on this work by experimenting with a three-layer architecture, 

integrating state-of-the-art models, and refining the aggregation prompts. 

In summary, these studies collectively contribute to advancing Text-to-

SQL research for Turkish. While each study presents unique contributions, their 

limitations highlight opportunities for further improvements. Moreover, our 

experiments utilized open-source and closed-source models in a zero-shot 

setting. Future research could explore one-shot or few-shot paradigms to 

evaluate the performance of these models on TUR2SQL and TURSpider 

datasets. These directions offer a promising pathway for future research to build 

on the foundations established by this work. 
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CONCLUSION AND SUGGESTIONS 

This thesis contributes to the field of Text-to-SQL with several impactful 

studies, addressing different challenges and providing new resources and 

methodologies. Across four distinct areas of work, we have aimed to enhance 

understanding, establish new benchmarks, and propose innovative approaches 

to improve Text-to-SQL systems. Below, we summarize the findings and 

implications of each study and their collective contribution to advancing this 

domain. 

We began with a comprehensive survey of the Text-to-SQL field, 

examining its challenges, methods, and benchmarks. By presenting a detailed 

analysis of existing approaches, comparing evaluation metrics, and studying 

performance across popular datasets, we provided a clear and structured 

overview of the field. In addition, we showed the transition from deep learning 

to large language models (LLMs). 

One of the main challenges was the lack of a Turkish dataset for Text-to-

SQL. We addressed this challenge with the creation of the TUR2SQL dataset. 

As the first publicly available cross-domain Text-to-SQL dataset in Turkish, 

TUR2SQL fills a critical gap in resources for this language. The automated 

framework used to generate the dataset ensures scalability and diversity across 

domains. Experiments with SQLNet and ChatGPT highlight the challenges and 

opportunities within this dataset. 

However, we found that TUR2SQL was too simplified for real-world 

queries. To improve this, we developed the TURSpider dataset, which is more 

complex and better for cross-domain Text-to-SQL tasks. By translating and 

adapting the well-known Spider dataset, we provided a resource that not only 

enriches Turkish NLP but also facilitates cross-language research. Our 

evaluation of fine-tuned Turkish language models versus inference-based 

models revealed promising results, further emphasizing the dataset’s value for 

the community. 
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LLMs performed well in zero-shot settings, there was still room for 

improvement. MoAF-SQL approach introduced in this thesis demonstrates how 

innovative frameworks can improve Text-to-SQL accuracy. By leveraging a 

Mixture-of-Agents architecture, MoAF-SQL combines the strengths of multiple 

large language models to handle complex query translations with enhanced 

robustness and precision. Evaluations on the Spider and TURSpider datasets 

validated the effectiveness of this method, showcasing its potential for 

advancing Text-to-SQL systems. 

In conclusion, Text-to-SQL has improved significantly, but it is not yet 

fully prepared for widespread industrial applications. There is still much to do, 

especially for languages like Turkish. Developing datasets, analyzing errors, and 

improving models will help move this field forward and make Text-to-SQL 

systems more robust and useful in the future. 
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