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Abstract— 

Converting natural language queries into SQL statements, 
QueryPilot is a cutting-edge AI-powered solution that simpli- 
fies database interactions. By making it possible for users to 
enter queries in plain English and effectively retrieve data, 
this initiative seeks to close the gap between non-technical 
users and sophisticated database systems. QueryPilot improves 
productivity, lowers mistakes, and saves time when formulating 
queries by reducing the requirement for SQL expertise. Its 
broad range of applications covers a number of industries, such 
as e-commerce, healthcare, education, corporate analytics, and 
customer service. QueryPilot has a lot to offer in terms of making 
data retrieval easy to use and accessible, even with difficulties 
like guaranteeing translation correctness and managing intricate 
queries. This application democratizes access to insightful data 
by enabling individuals to make data-driven decisions with ease. 
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easy data retrieval. This solution benefits a number of indus- 

tries, including business intelligence, healthcare, education, 

and more, by increasing productivity, decreasing mistakes, 

and saving time. QueryPilot democratizes access to important 

data by streamlining database interactions, freeing people to 

concentrate on insights and decision-making. 

 

I. INTRODUCTION 

A. QueryPilot 

Efficient access and analysis of data is essential in today’s 

data-driven environment. However, SQL is frequently difficult 

for non-technical users, which makes it difficult to interface 

with databases effectively. In order to overcome this difficulty, 

QueryPilot uses artificial intelligence (AI) to convert natural 

language queries into SQL commands, facilitating simple and 

 

 

 
Fig. 1. A flowchart showing how AI translates requests in plain language 
into SQL queries for convenient database access. 
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This flowchart makes database access easier for non- 

technical users by showing how to utilize machine learning 

to translate a natural language query into SQL. A thorough 

explanation of each element is provided below: 

End User (Natural Language Question): Although the end 

user may lack technical knowledge of databases or SQL, the 

process begins with them. They enter their question in natural 

language or simple English, such ”What are the major cities 

in the state of Kansas?” The AI model starts with this natural 

language query and deduces the user’s intention. 

Processes and transforms the query into SQL using the 

model: The model is an AI-powered element that has been 

taught to comprehend and interpret natural language. It trans- 

forms the user’s inquiry into a SQL query by interpreting its 

meaning. Understanding the question’s structure, identifying 

entities (such as ”state” or ”cities”), and converting them into 

SQL syntax that may query the database are all necessary for 

this conversion. This stage helps to close the gap between 

technical database operations and non-technical inquiries. 

SQL Query (Generated by Model): Following processing, 

the model uses the natural language input to generate a SQL 

query. for example- 

SELECT CITY_NAME 

FROM CITY 

WHERE STATE_NAME = ’Maharashtra’ 

AND POPULATION > 1000000; 

CITY_NAME 

---------- 

Mumbai 

Pune 

Nagpur 

Nashik 

The output listed above This SQL statement may now target 

specific data in response to the user’s query and interact with 

the database. 

Database (Executes SQL Query and Retrieves Data): The 

model generates a SQL query, which is then submitted to 

the database and performed to get pertinent data. The SQL 

query instructs the database to get the information that matches 

the parameters of the query, while the database itself holds 

structured data. For example, it locates Kansas cities with 

populations over a specific threshold. The database’s result 

set is then prepared for user return. 

End User (Receives Data Results): Lastly, the end user is 

shown the data in an understandable way. Anyone may easily 

obtain insights and make data-driven decisions since the user 

can view the results of their query without requiring SQL 

knowledge. 

B. Datasets 

In order to train models that can convert natural language 

queries into structured SQL queries, a number of datasets have 

been created for a text-to-SQL machine learning project. Every 

dataset has distinct qualities and may be used with varying 

degrees of domain specialization and query complexity. A 

few well-known datasets for text-to-SQL model training and 

evaluation are reviewed in this section. 

Spider (Yu et al., 2018), a large-scale benchmark created 

to assess the generalization capabilities of text-to-SQL models 

across several databases, is one of the most popular datasets. 

With queries spanning several domains and using intricate 

SQL procedures like joins, aggregations, and subqueries, Spi- 

der offers more than 10,000 examples.This dataset is a great 

tool for training models that must do cross-database gener- 

alization since it is particularly made to assess the model’s 

capacity to handle both single-table and multi-table queries. 

Another well-liked resource, especially for easier, domain- 

specific tasks, is the ATIS (Airline Travel Information 

System) dataset (Hemphill et al., 1990). Around 5,000 sample 

queries pertaining to airline and travel-related data, including 

flight schedules, ticket costs, and aircraft statuses, make up 

ATIS. The dataset may be used to train models that concentrate 

on certain domains, particularly in the context of reservation 

or customer service systems, because each question is paired 

with its matching SQL query. 

To train single-table database-focused models, the Wik- 

iSQL dataset (Zhong et al., 2017) provides more than 80,000 

queries and SQL statement examples.This dataset is commonly 

used to train models that can convert natural language queries 

into SQL for situations when just one table is involved. The 

dataset is useful for building models that manage fundamental 

SQL operations since it contains a wide range of query 

types, from straightforward selection queries to more intricate 

filtering and aggregation activities. 

Another important tool for creating SQL queries is the 

SQLNet dataset (Guo et al., 2018). SQLNet’s more than 

5,000 examples assist models in concentrating on producing 

SQL queries in a more methodical and gradual way. With 

a focus on procedures like SELECT, WHERE, and JOIN, 

the dataset offers plain language queries in addition to their 

equivalent SQL queries. To help train models to produce 

SQL queries step-by-step, SQLNet’s architecture focuses on 

decomposing the SQL query generation activity into smaller 

components, such choosing columns and defining filters. 

By adding multi-turn conversations, the CoSQL dataset 

(Yu et al., 2019) expands the WikiSQL dataset to handle 

conversational SQL creation. CoSQL, which has more than 

10,000 instances, is made to train models that must manage 

context-dependent SQL queries, where the query’s meaning 

might vary depending on previous exchanges in a conversation. 

Systems that need to create SQL queries in response to back- 

and-forth discussion, like virtual assistants or customer care 

bots, are perfect candidates for this dataset. 

A knowledge graph that pulls structured data from 

Wikipedia articles serves as the foundation for the DBpedia 

dataset (Auer et al., 2007). When training models to pro- 

duce SQL queries that communicate with huge, structured 

knowledge bases, DBpedia is very helpful. This dataset is 

appropriate for applications that need to query large, structured 

knowledge libraries, such question-answering systems, since it 

includes relationships between entities and enables models to 
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produce SQL queries that traverse these links. 

Furthermore, by adding more intricate and varied query 

formats, the ATIS v2 dataset (Liu et al., 2016) expands upon 

the original ATIS dataset. Because it adds more query variants, 

it is a superior choice for training models that must manage a 

greater variety of phrase forms and query types in the airline 

industry. 

Finally, a dataset for comparing text-to-SQL models is 

the TSQL Benchmark (Iyer et al., 2017). It gives models 

a wide variety of questions to test their ability to produce 

SQL statements in various scenarios. Because it includes both 

simple and complicated queries, the TSQL Benchmark is a 

valuable tool for assessing the scalability and resilience of 

models in practical applications. 

 

 

C. Methods 

Models of Sequence-to-Sequence (Seq2Seq) An SQL 

query is converted from plain language using a Sequence-to- 

Sequence (Seq2Seq) model. Two components make up the 

model: an encoder and a decoder. The decoder creates the 

SQL query once the encoder processes the input, which is 

your query. 

Example: If the input is: ”What are the names of employees 

in the Sales department?” The model might generate this SQL 

query: 

SELECT name FROM employees 

WHERE department = ’Sales’; 

 

Pointer Systems The computer may ”point” to certain terms 

in the input query with the use of pointer networks, a form 

of Seq2Seq model. This is helpful for copying certain items 

(such as the names of tables or columns) straight into the SQL 

query. 

For instance, of the question ”Which employees have 

worked for more than 5 years?” The SQL may be generated 

by the pointer network immediately identifying ”employees” 

and ”5 years” from the natural language query: 

SELECT name FROM employees 

WHERE years_of_service > 5; 

 

Transformers Transformers are strong models that focus on 

several input components simultaneously using attention tech- 

niques. Transformers like as T5 or BERT excel at deciphering 

complicated queries and producing SQL from them. 

For instance, if the input is ”Show the total sales by each 

department for the year 2020,” The SQL query might be 

produced via a transformer model: 

SELECT department, SUM(sales) 

FROM sales_data 

WHERE year = 2020 

GROUP BY department; 

Syntax-Aware Models These models provide particular con- 

sideration to the syntax or structure of SQL queries. Because 

they are aware of SQL-specific criteria, such which clauses 

belong together (e.g., SELECT, FROM, WHERE), they assist 

the model in producing more correct SQL. 

An example of input might be ”Find all the employees in 

the HR department.” 

SELECT name FROM employees 

WHERE department = ’HR’; 

 

Parsing Semantions Instead of only focusing on structure, 

semantic parsing aims to comprehend the meaning of the 

natural language query and convert it into SQL based on that 

meaning. 

As an illustration, Answer the following question: ”What is 

the total revenue for the last quarter?” 

SELECT SUM(revenue) FROM sales 

WHERE quarter = ’last’; 

 

Reinforcement Education With this method, the model gets 

feedback on the SQL queries it produces, which helps it learn. 

Gradually, the model grows better by receiving a ”reward” 

when the SQL query is right and a ”penalty” when it is 

incorrect. 

As an illustration, a model produces a query: 

SELECT * FROM sales 

WHERE revenue = ’last quarter’; 

 

SQL-Neural A deep learning method called Neural-SQL was 

created especially for SQL creation. It functions by concen- 

trating on SQL-specific tasks and producing queries one at a 

time. 

For instance, enter ”How many products were sold in 

2023?” 

SELECT COUNT(*) FROM products 

WHERE year = 2023; 

 

Models of Pre-trained Language Large volumes of text 

data are used to train pre-trained language models, such as 

GPT (Generative Pre-trained Transformer), which may then be 

optimized to produce SQL queries. These models are excellent 

because they can produce SQL queries with little training on 

certain datasets and comprehend a broad variety of queries. 

Input: ”List all employees who joined after 2015.” is an 

example. 

SELECT name FROM employees 

WHERE join_date > ’2015-01-01’; 

 

D. Data Augmentation 

Encode Type The techniques used to convert text in nat- 

ural language into a machine-readable format are referred to 

http://www.ijrti.org/
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Term Example 

Encode Type ”Show employees from HR.” 

Graph-based ”Employees” and ”HR” connected by ”work in.” 

Self-attention ”Employees” and ”HR” are linked. 

Adapt PLM Fine-tuning BERT for SQL tasks. 

Pre-training Training GPT-3 on diverse text sources. 

TABLE I 
TEXT-TO-SQL WITH MACHINE LEARNING (EXAMPLES ONLY) 

 
 

 

 

as encode type. This includes technologies such embedding 

Word2Vec, GloVe, or FastText, which turn words into nu- 

merical vectors that capture semantic content, and tokeniza- 

tion, which divides the text into smaller units like words or 

sub-words. By using complex encoding techniques to create 

contextual embeddings, transformer-based models like BERT 

or GPT are able to comprehend relationships throughout 

the whole input sequence, which enhances performance for 

applications like Text-to-SQL. 

Graph-based methods use graph structures to represent 

the relationships between objects, including database tables 

and their columns. Text-to-SQL allows for the representation 

of things such as ”employees,” ”HR,” or ”department” as 

nodes in a network, with edges signifying their connections. 

By taking into account the links between various entities 

and characteristics within the dataset, the model is able to 

provide more accurate SQL queries by better comprehending 

the structure of the database schema. Learning representations 

of these graphs is frequently accomplished using methods such 

as Graph Neural Networks (GNNs). 

self-attention as a technique to consider various aspects of 

an input sequence while generating predictions. This implies 

that the model may concentrate on pertinent input elements, 

such as particular entities or actions, in order to produce the 

appropriate SQL query for text-to-SQL jobs. In the statement 

”Show employees from HR,” for example, the model would 

concentrate on the terms ”employees” and ”HR,” since these 

are essential to building the query. Self-attention increases the 

precision of SQL creation by capturing contextual information 

and long-range dependencies. 

Adapting pre-trained language models, such as BERT, 

GPT, or T5, entails optimizing a model that has already 

been trained on a sizable corpus of textual data. Focusing 

on a particular goal, like Text-to-SQL, allows the model to 

adjust its expertise to the task. As a result, the model can 

more successfully translate natural language inquiries into 

SQL queries. A plethora of information on language structure, 

syntax, and semantics is introduced by pre-trained models, 

which may then be improved for particular use cases, such as 

the creation of SQL queries. 

Pre-training A language model is first trained on a sizable, 

varied dataset during the pre-training phase, during which 

it gains an understanding of language structure, grammar, 

and word connections. Masked language modeling and causal 

language modeling are two pre-training tasks that aid in the 

model’s comprehension of context and its ability to anticipate 

future or missing words. Following pre-training, the model 

may be improved to produce SQL queries from natural lan- 

guage inputs by fine-tuning it on task-specific datasets, such 

as Text-to-SQL. Because of pre-training, the model may use 

broad language patterns and modify them for particular uses. 

II. TEXT-TO-SQL CONVERSION 

A.  Install the necessary software and configure your API key. 

Installing the ”google-generativeai” package is the first step 

in setting up a text-to-SQL conversion model using Google 

Generative AI. The terminal command ”pip install google- 

generativeai” may be used to do this. To authenticate your 

connection with the Google service after the package has been 

installed, you will need to set up an API key. You will con- 

figure this key in your code by executing ”genai.configure(api 

key=”YOUR API KEY”)”. You may get this key from the 

Google Cloud Console. 

pip install google-generativeai 

import google.generativeai as genai 

# Set the API key 

genai.configure(api_key="YOUR_API_KEY") 

 

B. Set up the model’s parameters. 

After that, you put up the model’s parameters, which deter- 

mine how the AI creates the SQL queries. There are several 

configuration possibilities for the ”geminipro” model. The 

model may produce lengthier replies (about 3000–4000 char- 

acters) if you specify ‘max output tokens=4096‘, and you can 

set ‘temperature=0.4‘ to guarantee that the generated responses 

are more concentrated and predictable. With safety settings 

like ‘safety settings=”standard”‘, the model is guaranteed not 

to produce offensive or dangerous material. 

# Configuration of model settings 

model = genai.Model(name="gemini-pro", 

temperature=0.4, max_output_tokens=4096, 

safety_settings="standard") 

 

model = genai.Model(name="gemini-pro", 

temperature=0.3, max_output_tokens=4096, 

safety_settings="high") 

 

 

C. To obtain a SQL query, ask a question. 

After the model is set up, you may ask a straightforward 

query like ”What are the names and ages of users over the 

age of 30?” This information will be used by the model to 

produce the relevant SQL query. ‘SELECT name, age FROM 

users WHERE age ¿ 30;‘ is an example of the produced SQL 

that enables you to work directly with your database. 

http://www.ijrti.org/
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# Ask a question 

nl_question = "What are the names and ages ofresponse = 

users over the age of 30?" 

 

# Generate the SQL query 

response = 

model.generate_text(prompt=nl_question) 

 

# Output the generated SQL query 

print("Generated SQL Query:",response.text) 

 

D. Resolve Complicated Inquiries and Make Adjustments for 

More Particular Needs 

More complicated SQL queries can also be handled 

using this procedure. For instance, the model may pro- 

vide a query such as ‘SELECT products.product name, 

SUM(sales.amount) AS total sales FROM sales if you ask, 

”What is the total sales from the sales table for each prod- 

uct, joined with the products table?” GROUP BY prod- 

ucts.product name;‘JOIN products ON sales.product id = 

products.product id. To fit your unique requirements, you can 

modify the query or change the parameters. 

SELECT products.product_name, 

SUM(sales.amount) AS total_sales 

FROM sales 

JOIN products ON 

sales.product_id = products.product_id 

GROUP BY products.product_name; 

 

These techniques make it simple to turn natural language 

inquiries into SQL queries, which will help users who might 

not know how to write SQL by hand. This configuration 

makes database interactions more efficient and makes database 

queries simpler for non-technical users. 

# Ask a complex question about joining 

tables 

nl_question = "What is the total sales 

from the sales table for each product, 

joined with the products table?" 

 

# Generate the SQL query 

response = 

model.generate_text(prompt=nl_question) 

 

# Output the generated SQL query 

# Generate the SQL query 

model.generate_text(prompt=nl_question) 

 

# Output the generated SQL query 

print("Generated SQL Query:", response.text) 

 

SELECT name, age FROM users 

WHERE age > 30 AND city = ’New York’; 

 

 

 

III. MODEL INSTANCE 

”genai” is the line.The ‘generativeModel‘ class is cre- 

ated using the ‘google-generativeai‘ library using the fol- 

lowing code: GenerativeModel(model name = ”gemini-pro”, 

generation config = generation config, safety settings = 

safety settings)‘. By initializing the ‘”gemini-pro”‘ model, it 

is possible to produce text-based answers to input questions. 

To modify the model’s behavior, the ‘generation config‘ com- 

prises parameters like ‘temperature‘, which regulates output 

randomness, and ‘max output tokens‘, which restricts output 

length. Through the use of filters that stop risky or destructive 

replies, the ‘safety settings‘ make sure the created material is 

suitable. These parameters work together to build up the model 

instance with certain output generation and safety settings, 

enabling it to handle queries and generate safe, regulated 

outputs. 

model = genai.GenerativeModel(model_name = 

"gemini-pro", 

generation_config = generation_config, 

safety_settings = safety_settings) 

A. SQL Query Executor 

By running SQL queries and publishing the results, the 

Python function read sql query(query) enables communica- 

tion with a PostgreSQL database. To make sure there isn’t 

a connection open at first, the method starts by setting the 

connection variable to None. After that, it attempts to connect 

to the PostgreSQL database using the psycopg2.connect() 

function, where the required login information is supplied, 

including the host, database name, user, and password. Follow- 

ing the establishment of the connection, the method generates 

a cursor object that functions as an interface for database 

interaction. The method uses cursor.execute(query) to perform 

the query that was handed in, and cursor.fetchall() to obtain 

print("Generated SQL Query:", response.text)the query’s results, which yields a list of every row that the 

query was able to retrieve. The user is then presented with the 

# Ask a more specific question with an 

additional condition 

nl_question = "What are the names and 

ages of users over the age of 30 and 

living in New York?" 

 

query results in an easily accessible way when the function 

iterates over these rows and outputs each one. The function 

is encapsulated in a try-except block to provide robust error 

handling. This block detects any potential exceptions, such as 

problems with the database connection or query execution. 

For debugging purposes, the unless block outputs an error 

message in the event that an error occurs. Whether the query 

http://www.ijrti.org/
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is successful or not, the finally block is used to ensure that 

resources are released correctly by closing the cursor and the 

database connection. By managing failures and making sure 

that the query is properly cleaned up once it has been run, 

this method is helpful for rapidly accessing and retrieving data 

from a PostgreSQL database. 

import psycopg2 

 

def read_sql_query(query): 

connection = None 

try: 

# Establishing the connection 

connection = psycopg2.connect( 

host="host_address", 

database="database_name", 

user="user", 

password="postgres_pwd" 

) 

cursor = connection.cursor() 

cursor.execute(query) 

rows = cursor.fetchall() 

for row in rows: 

print(row) 

except (Exception, psycopg2.Error) 

as error: 

print("Something went wrong...", error) 

finally: 

# Closing database connection 

if connection is not None: 

cursor.close() 

connection.close() 

B. Define prompt. 

In order to start the process, the question ”What is the most 

sold product?” is defined and stored in the variable question. 

The AI model’s primary response will be to this query. The 

creation of a list named prompt parts is the following stage. 

Two sections make up this list: In order to assist the model 

better grasp the query, the first portion, prompt parts 1[0], 

probably contains some background knowledge or pre-existing 

context. The real question comes in the second section. 

Both of these can be used to provide the model enough 

data to produce an accurate and significant response. The 

code creates the prompt parts list and then uses the method 

model.generate content(prompt parts) to submit this list to 

the AI model. The query and context are sent to the model 

for processing by this function. Following input analysis, the 

model produces a response depending on the question and the 

provided context. The variable response is where the produced 

answer is kept. Use response.text to view the model’s response. 

This just takes the text of the response, which will give 

the answer to the inquiry, including information about the 

best-selling goods. The model produces a more precise and 

considered response when context and a particular query are 

combined. With this method, the AI can comprehend the query 

more easily and, using the input given, produce a clear and 

helpful response. 

question ="what is the most sold product?" 

 

prompt_parts = [prompt_parts_1[0], 

question] 

response = 

model.generate_content(prompt_parts) 

response.text 

C. Put things together in Function. 

Using a query and some background, the function gen- 

erate gemini response is intended to automate the process 

of producing an AI answer. It requires two input prompt 

parameters (the background or extra information that might 

assist the model develop a more accurate response) and 

question parameters (the precise question you want to ask). 

The code initially merges these two parameters into a list 

named prompt parts within the method. The question itself 

(question) and the background information (input prompt) are 

both included in this list. Model.generate content() is used 

to provide the list prompt parts to the AI model once it 

has been formed. The variable response contains the answer 

that the model produces after processing the combined input. 

Depending on the query and circumstances, the AI will provide 

some text in this answer. 

The response.text, which contains the actual substance of 

the AI’s response, is extracted by the code once it has gener- 

ated the response and used as input to another method called 

read sql query(). This function probably queries a database 

for information relevant to the topic and delivers data de- 

pending on the AI’s response. The generate gemini response 

function then returns the database query’s results. 

When generate gemini response(”How many products are 

there?”, prompt parts 1[0]) is called, for instance, the function 

generates an answer using the query ”How many products are 

there?” and a bit of pre-existing context (prompt parts 1[0]). 

After processing this input, the model will query the database 

and provide pertinent information on the quantity of items 

in the system.This function automates the process of creating 

queries and obtaining data based on natural language inquiries, 

making it simpler to communicate with a database and the AI 

model. Context is used to make sure the model’s response is 

precise and pertinent. 

def generate_gemini_response(question, 

input_prompt): 

prompt_parts = [input_prompt, question] 

response = 

model.generate_content(prompt_parts) 

output = read_sql_query(response.text) 

return output 

 

generate_gemini_response 

("How many products are there?", 

prompt_parts_1[0]) 

http://www.ijrti.org/


                                                                                          © 2025 IJNRD | Volume 10, Issue 1 January 2025 | ISSN: 2456-4184 | IJNRD.ORG 

IJNRD2501140 International Journal Of Novel Research And Development (www.ijnrd.org) 
 

 

b371 

c3

 

 

IV. CONCLUSION 

In conclusion, by using AI-powered natural language pro- 

cessing to streamline the querying process, QueryPilot repre- 

sents a revolutionary change in the way businesses engage with 

data. It enables users to ask queries in plain English and get 

correct answers, making data retrieval accessible to everyone, 

regardless of technical proficiency. Everyone, from business 

analysts to customer support representatives, can confidently 

make data-driven choices because to this user-friendliness, 

which helps close the gap between technical and non-technical 

users. 

QueryPilot’s extensive potential is demonstrated by its use 

in sectors such as business analytics, e-commerce, healthcare, 

education, and customer service. Businesses can depend on 

the integrity of their data insights since it not only increases 

productivity but also drastically lowers mistakes by cutting 

down on the time spent creating and debugging complicated 

SQL queries. QueryPilot is a priceless tool for businesses 

with a variety of data requirements because of its capacity 

to manage both straightforward and intricate queries. 

Additionally, QueryPilot tackles a number of issues re- 

lated to conventional database querying, including maintaining 

translation accuracy and handling complex queries. Users may 

obtain the data they want without having to comprehend the 

underlying technological aspects thanks to its sophisticated 

capabilities, which guarantee that even complicated requests 

are correctly processed and carried out. People at all organi- 

zational levels may now access and use data without relying 

on IT departments or data scientists, paving the way for more 

inclusive decision-making. 

QueryPilot enables consumers to make well-informed de- 

cisions more quickly and effectively by democratizing data 

access. It enables businesses to take use of the full potential 

of their data while lowering their need on technological know- 

how. In the end, QueryPilot is revolutionary in its ability 

to make data analytics more useful, efficient, and accessible, 

assisting companies in remaining inventive, competitive, and 

responsive in the data-driven world of today. article 
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