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  ​ ​ ​ ​ ​ ​ ABSTRACT 
 

Transforming natural language queries into precise SQL queries, a process referred to as 

Text-to-SQL or Natural Language to SQL (NL-to-SQL), continues to be a complex and 

challenging problem. This is due to the fact that interpreting user intent, supporting various 

database schema, and producing proper SQL syntax are challenging tasks.  

The application of conventional methods that involve rule-based methods and neural networks 

has improved significantly, and Pre-trained language models (PLMs) have helped things move 

forward much faster. However, as the complexity of the natural language query and database 

schema increases, PLMs with limited parameter numbers lose their accuracy. Such constraints 

have led to the development of more advanced and domain-specific optimization methods, 

which in turn limit their generalizability.In recent years, Large language models (LLMs) have 

shown phenomenal ability to process natural language and offer promising new directions for 

improving text-to-SQL systems.  

This survey presents an extensive overview of methods employing LLMs for text-to-SQL 

translation. We first outline the history and key technical challenges in the area and then survey 

key datasets like Spider, WikiSQL, BIRD, and CoSQL, which have played a major role in 

evaluation efforts. We then survey recent advances, with focus on the role of LLMs and their 

influence on system effectiveness. Through the identification of recent trends and open research 

challenges, this paper hopes to guide and stimulate future research towards improving the 

development of more generalizable and reliable text-to-SQL system based on LLMs. 

                      v​ ​ ​  
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                                                                    CHAPTER  1 
 
                                   INTRODUCTION 
 

 
 

The question-answering in natural language over the database, as performed by Text-to-SQL, is 

a fundamental task of the research field of natural language processing (NLP). The technology 

is a form of interaction with structured data in natural language, beneficial particularly to 

non-tech users, and is the foundation for natural language interfaces to databases (NLIDBs) 

[15]. 

Early work in this field concentrated on rule-based systems employing manually designed 

templates and grammars to translate questions into SQL. Extremely efficient in simple and 

fixed situations, these systems faltered as they could not keep up with increasing complexity 

and diversity of requests from users and database schemata. Manual design of rules for every 

application was time-consuming and impractical [9]. With the shortfalls of rule-based 

approaches increasingly evident—especially in dealing with complex and heterogeneous user 

questions—science turned towards neural network-based approaches. Deep learning introduced 

a significant leap forward, with sequence-to-sequence [25] [19] models proving to be an 

extremely promising approach. These models significantly improved mapping natural language 

inputs to relating SQL queries, with increased flexibility and improved generalizability over 

various linguistic forms [3]. 

To surmount these limitations, researchers employed deep learning methods. Pre-trained 

language models (PLMs) such as BERT [5] and T5 [17], as neural networks, were exemplary in 

semantic comprehension for text-to-SQL tasks. The models were trained in an unsupervised 

manner and integrated features such as table encoding and schema linking. PLMs were 

incapable of dealing with complicated queries over wide spans of domains due to them 

possessing limited model sizes and being contextually sensitive [2]. 

The advent of large language models like GPT-3 [24], Codex [11], and GPT-4 [7] has been a 

big driving force for the field. Being large and generalizable, LLMs provide new avenues 

towards text-to-SQL query generation. LLMs are well-suited to methods like in-context 

learning and fine-tuning, which allow them to generalize with little task-specific training. 

Further, LLMs have the ability to minimize hallucination by relying on real database content 

and thereby becoming promising tools for building reliable and scalable NLIDB systems [16].  

 

    ​ ​ ​                                                     ​​ ​ ​ ​ ​  
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Despite these advancements, there are still several issues remaining such as multi-turn 

conversation interpretation, domain generalizability, and proper synthesis of complex or nested 

SQL queries. Large datasets labeled by humans such as Spider [23], WikiSQL [6], BIRD [12], 

and CoSQL [22] have been crucial in pushing the research forward by providing platforms to 

test the models on a variety of challenging scenario 

This survey provides a comprehensive overview of the evolution of text-to-SQL methods, 

reflecting the transition from traditional to PLM- and LLM-based systems. We discuss basic 

ideas, main challenges, noteworthy datasets, evaluation measures, and recent best practices in 

modeling methods. Observing advances in text-to-SQL research, in this article we have 

emphasized crucial improvements and recommended areas to be further advanced. 

 

                                      MOTIVATION 

The impetus for text-to-SQL research results from the desire to take organized data to the 

masses, most prominently non-technical users who otherwise would not be able to use database 

query languages. Although early rule-based systems performed well for straightforward and 

static cases, they soon became unworkable as user queries and database schema increased in 

diversity and complexity. The advent of deep learning and pre-trained language models (PLMs) 

such as BERT and T5 improved the ability to understand natural language and translate to SQL 

but was not good at generalizing over domains and nested or complex queries. 

The field has been greatly advanced with the emergence of large language models such as 

GPT-3 and GPT-4 that are more responsive, precise, and adaptable through in-context learning 

and low task-specific training. However, there are issues such as serving multi-turn 

conversation, possessing strong domain adaptation, and being capable of producing advanced 

SQL queries consistently. Overcoming these roadblocks is key to building natural language 

interfaces to databases that are both powerful and intuitive, effectively democratizing access to 

data and enabling more individuals to access structured information in plain language. 
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                                       CHAPTER 2 

       EVOLUTION OF TEXT-TO-SQL APPROACHES 
 
 
                                          
The NLP has made excellent improvement in the text-to-SQL space, moving from 

traditional techniques to deep learning strategies and, currently, to the application of large 

language models (LLMs) and pre-trained language models (PLMs). An outline of this 

evolutionary path is shown in Figure 1. 

 
 

 
 

           Fig. 1. Advancements in Text-to-SQL Frameworks With Time 
 
 

2.1  Rule-based Methods 
 
Initial natural language to SQL systems worked on the premise of rule-based systems, 

converting natural language queries to SQL through hand-crafted rules and heuristics [4]. The 

systems were effective in generating syntactically correct SQL queries based on pre-designed 

templates and strict grammatical rules, thereby conforming to SQL structure and syntax. Their 

determinism provided consistent results for known input configurations, thereby reducing 

query variability. These systems, however, were incapable of interpreting complex or uncertain 

natural language queries, particularly nested clauses, coreferences, or ellipses, frequently map- 

ping these features into database schema entities like columns or tables incorrectly. Relying on 

hand-crafted rules hindered them from adapting to new question styles or schemas in the 

database, requiring frequent changes across different domains. In addition, mapping complex 

schemas covering multi-table relationships into rules helpful for consumption took time and 

was error-prone, scalability being an important issue [9]. 
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2.2 Deep Learning-based Approaches 
 
Deep learning has greatly improved text-to-SQL systems through the application of models 

such as sequence-to-sequence [25] and encoder-decoder models, including LSTMs [21] and 

transformers. These facilitate the conversion of natural language inputs into SQL queries, hence 

providing more flexibility compared to conventional rule-based systems. Nevertheless, they 

tend to have difficulty in producing either incomplete or syntactically incorrect SQL 

statements, especially when handling complex operations such as nested subqueries and 

window functions, which are poorly covered in training data [19]. 

 

2.3 PLM-based Implementation 
 
Pre-trained language models (PLM) are now able to efficiently handle Text-to-SQL tasks by 

tapping into the extensive linguistic and semantic understanding they acquired while 

pre-training. In order to produce correct SQL queries, previous PLM models like BERT [5] and 

RoBERTa[17] required fine-tuning the models on conventional text-to-SQL datasets. Through 

fine-tuning, researchers were able to improve SQL generation from rich semantic 

representations and language awareness such as PLMs had when pre-trained on big text 

corpora. Such PLMs, pretrained on big text corpora, had learned well about language and 

meaning, which the researchers leveraged through fine-tuning to improve SQL generation. 

Another research direction has been to enhance PLMs with schema information in a way that 

they would better understand database schema by representing relations and constraints in 

schemas. This allows schema-aware PLMs to produce more executable SQL queries. While 

PLMs comparatively perform better than either general deep learning methods in producing 

correct SQL, they still do not perform well in complex operations like outer joins or 

aggregations and sometimes produce syntactically incorrect queries. Also, their performance is 

greatly compromised in cross-domain environments where database schemas or vocabularies 

are different from training data and need expensive fine-tuning to learn new domains [20]. 

 

 

 

 

 

 

 

 

 
4



                                          

 

 

 

                                     Fig. 2. LLM Framework for Text-to-SQL 
 
 
 
2.4 LLM-based Implementation 

 
Large language models(LLM), such as the GPT series [7] [24], have gained widespread 

attention for their ability to generate fluent and coherent text. Their potential in text-to-SQL 

tasks is increasingly being explored, leveraging their vast knowledge base and advanced 

generation capabilities. Common approaches include using prompt engineering to guide 

proprietary LLMs in generating SQL queries or fine-tuning open-source LLMs on text-to-SQL 

datasets [16]. Although the use of LLMs in text-to-SQL is still a relatively new area of 

research, it holds significant promise for further advancements. Current efforts focus on 

harnessing the reasoning abilities of LLMs ,integrating domain-specific knowledge, and 

developing more efficient fine-tuning methods [11]. 

 
5



CHAPTER 3  

                                 PIPELINE OF TEXT-TO-SQL 

 
 
Text-to-SQL models are designed to convert everyday language questions into SQL statements, 

allowing users to interact with databases without needing to understand SQL commands. As 

seen in Figure 3, these systems are constructed using several essential elements. 

 

​ ​  ​  ​  ​  
 
 
                                      Fig. 3. Overview of the Text-to-SQL Workflow 
 
​ ​ ​ ​ ​ ​ ​  

●​ Natural Language Query Understanding (NLQU)  

The goal of this component is to comprehend the meaning and intent of the user’s query 

by evaluating and interpreting it. To analyse the structure and semantics of the input, it 

makes use of methods including tokenisation, tagging part-of-speech, and syntactic 

parsing. 

 
    ​ ​ ​                                                     ​​ ​ ​ ​ ​  
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 ​ ​ ​ ​  

●​ Schema Mapping  

 In this stage, words of the natural language query are mapped to the relevant tables and 

columns in the database structure. To properly match user intent with the database 

structure, accurate schema mapping is necessary. 

●​ Semantic Parsing 

In this stage, the system captures the user’s meaning by forming a logical version of 

their query, which is key to generating the correct SQL. 

●​ SQL Generation 

The final phase focuses on converting the structured form into a valid and runnable 

SQL command. This requires a solid grasp of SQL conventions and ensuring the 

generated statement aligns properly with the database design [7]. 

Ongoing developments in artificial intelligence, especially in deep neural networks and 

language understanding, have greatly enhanced the capabilities of NL-to-SQL models [15]. The 

adoption of large-scale pre-trained language systems has improved their skill in handling 

complex questions and producing accurate SQL outputs. 

However, challenges persist, particularly in managing complex queries and ensuring 

cross-domain adaptability. Current research efforts are aimed at enhancing the robustness and 

flexibility of text-to-SQL systems to overcome these obstacles.​  

 

​ ​ ​  

​ ​  

​ ​ ​ ​  

​ ​ ​  

​ ​  
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                                          CHAPTER 4  
     RECENT BENCHMARKS, MODELS, AND DATASETS 

                                        
 
Evaluating text-to-SQL solutions requires comprehensive datasets and strong evaluation 

standards, with several prominent examples available in the field. 

 

4.1 Benchmark Datasets 
 

●​ Spider 
 
This benchmark is a large-scale, diverse, and challenging text-to-SQL dataset created to 

test how wellmodels generalize across various database schemas and query formats 

[23]. 

 
●​ Spider 2.0 

Expanding upon its predecessor, this updated benchmark includes 632 challenging 

NL-to-database tasks derived from actual business use cases. These datasets, typically 

stored on cloud platforms such as Snowflake and BigQuery, feature schemas with more 

than 1,000 fields. Spider 2.0 pushes the limits by demanding that models process 

multi-step SQL sequences exceeding100 lines, making it especially suitable for 

evaluating large models in enterprise scenarios [8]. 

 
●​ CSpider 

 As the Chinese adaptation of the original Spider dataset, CSpider includes over 10,000 

questions and nearly 5,700 distinct SQL queries across 200 databases. It aims to support 

the development of natural language interfaces tailored to Chinese-language databases 

[13]. 

 

●​ BIRD 

BIRD is a comprehensive benchmark comprising 12,751 question-query pairs over 95 

databases, having an overall size of 33.4 GB. Spanning 37 professional fields—from 

blockchain to education—it is designed to assess how effectively systems manage 

large-scale databases and incorporate external domain-specific knowledge [12]. 

 

 

 

 

 

    ​ ​ ​                                                     ​​ ​ ​ ​ ​  
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●​ CoSQL  

CoSQL is a dialogue-focused dataset designed to evaluate multi-turn exchanges. It 

features upwards of 30,000 conversational turns and over 10,000 labeled SQL 

statements, sourced from 3,000 authentic dialogues spanning 200 distinct databases 

[15]. By prioritising natural,interactive query evolution and refinement, it serves as an 

excellent resource for testing conversational database technologies [22]. 

 

●​ WikiSQL 

This dataset, constructed from Wikipedia tables, contains 80,000 pairs of natural 

language queries and their equivalent SQL queries. It is specifically designed to assess 

the effectiveness of models on relatively straightforward SQL query generation tasks 

[6]. 

 
    Fig 4. Overview of Text-to-SQL metrics, datasets,and methods. 

 

 

 

 

 

 

 

 

 
9



 

4.2  Models 
The growth of text-to-SQL models has been shaped via a number of significant advancements 

(see Table I): 

●​  Seq2SQL 

An early sketch-based model for the WikiSQL dataset, Seq2SQL generates a predefined 

SQL structure and fills it using reinforcement learning. It focuses on execution accuracy 

by optimising the SQL query outcomes [25]. 

●​ TypeSQL 

Built upon SQLNet, TypeSQL incorporates type information such as dates, numbers, 

and named entities to enhance column prediction. It is trained on WikiSQL and 

improves semantic understanding between the query and schema [19]. 

●​ SQLNet 

SQLNet is a sketch-based model for WikiSQL that eliminates reinforcement learning. It 

fills SQL query slots using column-wise attention, simplifying the generation process 

while maintaining strong performance [18]. 

●​ SyntaxSQLNet 

Designed for Spider, SyntaxSQLNet handle complex and nested SQL queries by using 

an LSTM encoder and a syntax tree-based decoder. It integrates SQL grammar into the 

decoding process to improve structural accuracy [21]. 

●​ IRNet 

IRNet combines graph neural networks with intermediate representation decoders to 

map natural language query to SQL. Trained on Spider, it excels at representing 

question-schema relationships for complex queries [3]. 

●​ GraPPa 

GraPPa is a RoBERTa-based model pretrained on SQL-natural language pairs. It 

improves schema linking and contextual learning on the Spider dataset through 

enhanced pretraining techniques [20]. 
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●​ StruG 

A structure-aware Transformer model for Spider, StruG integrates SQL grammar 

constraints directly into the decoding process. It ensures syntactically valid SQL 

generation using grammar-aware decoding [1]. 

●​ MIGA 

MIGA employs a RoBERTa encoder with multi-granularity alignment between question 

tokens and schema elements. It enhances representation quality and improves SQL 

accuracy on Spider [2]. 

●​ T5-3B 

 Based on the large-scale T5 transformer (3B parameters), this model treats SQL 

generation as a text-to-text task. Fine-tuned on Spider and CoSQL, it demonstrates 

strong generalisation across domains [17]. 

●​ SQLova 

SQLova merges BERT embeddings with a pointer network and column attention for 

effective SQL slot filling. It is specifically tailored for WikiSQL and achieves high 

execution accuracy [5]. 

●​ RESDSQL 

 RESDSQL leverages T5 or RoBERTa backbones with improved schema linking and 

ensemble decoding. It is trained on Spider and CoSQL and emphasises robust natural 

language understanding and decoding [10]. 

●​ DIN-SQL 

 DIN-SQL uses a dual representation approach to model questions and schema 

independently. Built on PLMs and trained on Spider, it achieves strong alignment for 

accurate SQL generation [14]. 

●​ SQL-PaLM 

SQL-PaLM utilizes Google’s PaLM LLM and chain-of-thought prompting to tackle 

complex SQL generation. It is trained on Spider and performs well in reasoning-heavy 

tasks [16]. 
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●​ Code-S 

Code-S is built on a Codex-style GPT model, focusing on code synthesis and in-context 

learning for SQL. It is trained on Spider and is effective in few-shot learning settings 

[11]. 

●​ ACT-SQL 

ACT-SQL combines GPT-3 with adaptive prompting strategies like chain-of-thought 

reasoning. Designed for Spider, it dynamically adjusts its generation process based on 

the question context [24]. 

●​ MCS-SQL 

MCS-SQL applies GPT-4 step by step to produce SQL queries for databases such as 

Spider. The procedure begins with identifying the concerned tables and columns of the 

database schema. It proceeds to create different possible queries. It then, in the decision 

step, compares them based on feedback during execution and confidence levels and 

chooses the best one using multiple-choice strategy. The procedure makes sure the 

output of SQL queries is correct and reliable [7]. 
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TABLE 1    Performance Comparison Across Text-to-SQL Architectures 

 

                        

 

            
 
 
 
4.3 Evaluation Metrics 

 
To evaluate the performance of text-to-SQL systems, we consider four commonly employed 

metrics. The metrics are broadly divided into two categories: content-based metrics, which 

examine the structure of SQL queries, and execution-based metrics, which assess the result 

that is achieved by executing the queries on a database [15]. 

 

1 Content-Based Metrics 

These metrics measure how accurately the structure and syntax of the predicted SQL queries 

reflect those of the correct queries [4]. 

    ​ ​ ​                                                     ​​ ​ ​ ​ ​  
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●​ Component Matching (CM):​

 This metric analyzes SQL queries by dividing them into components such as SELECT, 

WHERE, GROUP BY, ORDER BY, and KEYWORDS. It evaluates if each 

predicted segment aligns with the actual answer by applying the F1 score. Because the 

sequence of these elements is often irrelevant in SQL, CM treats them as sets for 

comparison.​

 

●​ Exact Matching (EM):​

 EM evaluates whether the generated SQL query is an exact match with the reference 

query. For a prediction to be deemed accurate, all elements evaluated by CM must align 

perfectly with the truth of the ground. 

 

2  Execution-Based Metrics 

Execution-based metrics check whether the predicted queries produce the correct output when 

run on the database [4]. 

●​ Execution Accuracy (EX):​

 This measures whether executing the predicted SQL query gives the same result as the 

correct query. It’s a direct test of whether the model’s output is functionally correct.​

 

●​ Valid Efficiency Score (VES):​

 VES evaluates both the accuracy and runtime performance of valid SQL statements. 

This metric reflects not just the precision of the queries, but also how efficiently they 

are executed. It is determined by comparing the execution durations of predicted queries 

against those of reference queries, with the final value averaged over several trials to 

ensure consistency [15]. 

These metrics offer valuable information about the precision, reliability, and real-world 

applicability of text-to-SQL systems across various contexts. 
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                                          CHAPTER 5                                                   
   APPLICATION AND USE CASES OF TEXT-TO-SQL 

                              
Text-to-SQL models are now essential tools in most applications, enabling users to interact 

with structured databases using natural language. Converting everyday language to executable 

SQL queries, the models simplify data access and its interpretation without the need for 

technical expertise. Additionally,Text-to-SQL technology allows organisations to automate 

processes, enhance data transparency, and gain actionable insights from complex data 

sets—efficiently addressing data-related problems in industries with greater efficiency and 

accuracy.[15]. 

 

5.1. Medical Informatics and Patient Data Access 

 • Clinical Assistance Tools​

   Supports healthcare professionals by enabling accurate queries of patient data for 

diagnosis, treatment planning, or epidemiological research. 

 • Efficient Patient Information Retrieval​

   Enables fast retrieval of patient records, such as specific diagnoses or lab results, to aid 

critical decision-making. 

 • Research Enablement​

   Facilitates large-scale data extraction for medical studies focused on public health trends, 

drug effectiveness, and disease analysis. 

 

5.2. Intelligent Learning and Academic Support 

 • Personalised Learning Platforms​

   Uses student information stored in databases to adjust educational content for 

individualised learning. 

 • Educational Data Mining​

   Allows institutions to analyse student performance and improve academic planning, 

curriculum design, and intervention strategies. 

 • Student Data Access Portals​

   Empowers students to retrieve course information, grades, and library resources 

independently using natural language queries. 

    ​ ​ ​                                                     ​​ ​ ​ ​ ​  
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5.3. Financial Intelligence and Operations 

 • Dynamic Financial Analysis​

   Helps analysts generate real-time reports and risk assessments by querying financial 

datasets using natural language. 

 • Customer Insights and Resolution​

   Assists support agents in delivering accurate and personalized information to clients   

through fast data access. 

 • Fraud Monitoring Mechanisms​

   Enables early detection of suspicious activities by monitoring transactional data for 

abnormal patterns. 

 

5.4. Enterprise Analytics and Strategic Decision-Making 

 • Consumer Behaviour and Sales Analysis​

   Facilitates market trend analysis and sales tracking by allowing non-technical users to 

access business data easily. 

 • Supply Chain Oversight​

   Aids in tracking inventory levels, managing logistics, and optimizing supply chain 

operations. 

 • Human Resource Metrics​

   Supports workforce analytics by enabling natural language queries on productivity, 

turnover, and training data. 
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                                CHAPTER 6                                                                 

CHALLENGES AND FUTURE DIRECTIONS 

                                    

While LLM-driven text-to-SQL research has come a longway, there are still a number of 

obstacles that need attention. Inthe following section, we will look at these ongoing challenges 

and consider possible paths forward for future directions [15]. 

 

6.1. Real-World Adaptability of Text-to-SQL Systems 

 • Challenges​

   Text-to-SQL systems often fail in real-world use due to vague, incomplete, or typo-filled 

user queries that differ from clean training data. This causes a mismatch between user language 

and database schema. Local datasets may also be inconsistent, leading to incorrect SQL 

generation—around 40% in some evaluations. 

 • Future Directions​

   Future work should focus on training models with noisy data and using data augmentation 

to address limited real-world datasets. Fine-tuning open-source models on smaller, 

domain-specific data can improve adaptability. Expanding to multilingual and multimodal 

capabilities will make these systems more practical and inclusive [26]. 

 

6.2. Balancing Cost and Performance in Text-to-SQL Systems 

 • Challenges​

   The balance between efficiency and expense in text-to-SQL solutions is largely shaped by 

how quickly they generate results and how much computational power they require. As 

databases become more complex, the length of the database schema tokens grows, leading to 

higher costs and potential limitations of the model. This issue is especially prominent with 

proprietary LLMs or open-source models that have short context lengths, which may exceed 

token limits. Moreover, feeding the entire database schema as input introduces redundancy, 

making the process less efficient and more costly, thus affecting both practical applications and 

research outcomes. 

 

    ​ ​ ​                                                     ​​ ​ ​ ​ ​  
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 • Future Directions​

   To counterbalance cost and performance, such techniques as schema filtering, wherein 

only the necessary components of the schema are presented to the model to decrease both 

redundancy and cost, must be investigated more. Though in-context learning has boosted 

accuracy, performance must be weighed against efficiency. Techniques of limiting API calls 

and inference time, such as shortening input lengths and decreasing implementation steps, can 

increase system performance. In addition, seeking architectural improvements for indigenous 

LLMs can deliver further acceleration and efficiency benefits [4]. 

 

6.3. Ensuring Data Security and Model Transparency in Text-to-SQL Systems 

 • Challenges​

   Text-to-SQL models have significant data security and modeling transparency challenges. 

Local control of sensitive data by databases through proprietary APIs has the potential for data 

leakage, especially when confidentiality is a critical requirement. Despite the ability of local 

fine-tuning methods to reduce some of these challenges, existing fine-tuning practices perform 

less than optimally. In addition, model explainability, an established deep learning challenge, 

remains a concern in LLM-based natural language query to SQL databases. The explanatory 

shortfall in comparison to the way models produce SQL queries—particularly for prompt-based 

learning and fine-tuning methods—restricts comprehension and trust. 

 • Future Directions​

   To meet these issues, follow-up research should entail the designing of fine-tuning 

frameworks for text-to-SQL models that place emphasis on data protection and minimize 

possible vulnerabilities. Model development in explainability is also essential, which can be 

achieved through the embedding of step-by-step query generation procedures and procedures 

from deep learning research dedicated to improving model interpretability. Model 

decision-making transparency enhancement, especially in database knowledge, will be 

instrumental in enhancing the system performance as well as the trust of the users in real use 

[4]. 
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6.4. Expanding Capabilities of Text-to-SQL Systems 

 • Challenges​

  Text-to-SQL models struggle with generalizing their use beyond the generation of 

SQL. Text-to-SQL models are like those which are utilized in code generation and language 

comprehension but, in being pushed to other uses—such as natural language translation to other 

code forms—means that they must be highly engineered in order to deal with numerous 

programming regulations. Further, the addition of execution-aware mechanisms and 

cross-modal knowledge transfer from database to applications such as question answering is 

accompanied by integration challenges. These challenges underscore the intricacy of applying 

text-to-SQL approaches to an immense range of NLP and coding tasks. 

 • Future Directions​

   Future research should explore how text-to-SQL frameworks can be adapted for the 

generation of natural language code by leveraging execution-based learning and modular 

extensions. Additionally, integrating database-driven structured information into LLM-based 

question answering could enhance factual accuracy and reasoning. These cross-domain 

extensions have the potential to make text-to-SQL models more versatile. Continued 

development in these areas will support broader applications, such as knowledge-based QA 

systems and programming assistants, bridging structured data with general-purpose language 

understanding [26]. 
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                                         CHAPTER 7       
 
                                      CONCLUSION 
                            
                              
In conclusion, text-to-SQL systems are essential to make the database accessible to everybody, 

especially those without technical knowledge. These systems make it possible to query and 

retrieve data using natural language, thus removing most of the hurdle that was there earlier 

when working with databases. This is because they will be able to access the information they 

require in a simple manner without having to master sophisticated query languages like SQL. 

The success reached so far along this direction, particularly with the assistance of large 

language models and big benchmark datasets, has significantly increased the efficiency and 

utility of text-to-SQL systems. Nevertheless, there are certain issues that remain to be solved. 

Some of the fundamental problems are that such systems tend to have a hard time answering 

questions from certain domains or industries since they tend to get trained on generic data sets. 

This might result in errors or misinterpretations when the system attempts to translate 

specialized jargon or terms. 

These issues need to be fixed through future research that goes into developing more 

domain-specific data sets that take into account the special language and requirements of 

various industries. This would help improve the ability of the models to identify and process 

industry-specific questions and queries. This should also be enhanced to improve the 

generalization capacity of the systems so that they can work optimally even when faced with 

new or unknown types of data and queries. Another significant area for advancement is the 

integration of a richer understanding of context, including the user's intent, question history, 

and database schema being queried. Additionally, advancement in these areas may empower 

text-to-SQL systems to be more powerful and flexible and useful to a broader class of users and 

applications. 

In total, much progress has already been made, but much work needs to be put in to make 

text-to-SQL systems truly functional and universally accessible. By continuing to work on 

domain-specific problems, model generalization, and contextualization, researchers can assist 

in driving the next wave of text-to-SQL technology that will further simplify data access and 

bring it within everyone's reach. This will ultimately enable more individuals to tap into the 

power of data, making better decisions and driving innovation across all walks of society. 
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