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Abstract. Accessing data from modern cloud databases remains a significant 

challenge for users without expertise in Structured Query Language (SQL), 

creating a bottleneck in data-driven decision-making. This paper introduces 

Querier, a system that bridges this gap by leveraging a Large Language Model 

(LLM), specifically GPT-3.5, to translate high-level natural language prompts 

into efficient, executable SQL queries. The system is designed for seamless 

integration with cloud data warehouses like Google BigQuery, handling the end-

to-end workflow from user input to result visualization. Performance evaluation 

demonstrates the system's high reliability, successfully processing all test 

prompts of varying complexity, with an average end-to-end response time of 

under ten seconds. The results validate the effectiveness of using LLMs to 

enhance AI-driven query generation, providing an accessible and efficient bridge 

between human language and complex cloud data, thereby empowering a broader 

range of users to perform data analysis. 
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1 Introduction 

1.1 A Subsection Sample 

Query Generation is a fundamental process in data analysis for efficiently extracting 

information from large and complex datasets. This process is crucial as it provides the 

foundation for evidence-based practices, knowledge discovery, and decision support 

across various domains[1], [2]. The most dominant query language used in the industry, 

especially in the era of Big Data Analytics, is SQL[3], [4]. SQL is designed for 

structured databases, making the information extraction process more accessible and 

understandable[5], [6]. 

 

Despite its popularity, the implementation of SQL in enterprise environments faces 

several significant challenges. First, manually writing SQL queries is often inefficient 

and difficult, particularly for users with limited technical skills [7], [8]. This phenome-

non is exacerbated by the industry trend of hiring underqualified human resources or 
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assigning non-technical staff to handle databases due to the high demand for data ana-

lysts [9]. Second, natural language prompts from users are often varied and ambiguous, 

with different levels of specificity and granularity [10]. Third, inefficiency in query 

writing has a direct impact on operational costs. Cloud database platforms like Snow-

flake, Google BigQuery, and Azure calculate charges based on the computational vol-

ume of executed queries ('computed cost') [11]. Suboptimal queries can lead to unnec-

essary budget inflation. 

To address these challenges, advancements in Natural Language Processing (NLP) 

offer a promising solution. NLP is a branch of artificial intelligence that enables ma-

chines to understand, interpret, and generate human language [12], [13]. The imple-

mentation of NLP through Large Language Models (LLMs) has been proven to suc-

cessfully translate natural language instructions into programming code, as demon-

strated by popular AI assistants like 'GitHub Copilot' and 'Stack Overflow' [14], [15]. 

This technology can be leveraged to bridge the gap between data analysis needs and 

users' technical limitations[16]. However, a gap remains in creating practical, end-to-

end systems that seamlessly integrate these models with modern cloud databases for 

general business users. 

To address this gap, this paper introduces Querier, an AI-driven system designed to 

provide a seamless and efficient bridge between natural language and cloud databases. 

The primary contributions of this work are: (1) the design and implementation of an 

end-to-end architecture that integrates a user interface, an LLM-based generation en-

gine, and a cloud database; (2) a methodology for dynamic prompt engineering using 

database schema to enhance query accuracy; and (3) a performance evaluation that val-

idates the system's efficiency and reliability. 

The remainder of this paper is structured as follows. Section 2 reviews related work 

in the field of query generation. Section 3 details the methodology and system archi-

tecture of Querier. Section 4 presents the results of our functional and performance 

testing. Finally, Section 5 discusses the implications of the findings, and Section 6 con-

cludes the paper with directions for future work. 

2 Materials and Methods 

2.1 Materials 

Subsequent paragraphs, however, are indented. This section reviews the literature 

on query Generation software, focusing on three main aspects: (1) the motivation and 

challenges of Query Generation, (2) the methods and techniques for generating and 

optimizing SQL queries from natural language prompts, and (3) the approaches and 

challenges for integrating query Generation software with cloud-based data services. 

These aspects are relevant and essential for our paper, as we aim to propose a novel 

query Generation software, named Querier, that utilizes natural language processing 
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techniques and reinforcement learning to generate SQL queries from user prompts and 

seamlessly integrates with Google BigQuery for query execution. 

Methods and Techniques for Generating SQL Queries from Natural Language 

Prompts. Previous research has explored various methods for generating structured 

queries from natural language, evolving from rule-based systems to sophisticated deep 

learning models. Recent advancements, particularly those leveraging Large Language 

Models (LLMs), have significantly improved the accuracy and complexity of text-to-

SQL translation. 

A notable approach is DIN-SQL [8], which employs a "Decomposed In-Context 

Learning" strategy. Instead of tackling a complex text-to-SQL problem in one step, it 

breaks the problem down into smaller, more manageable sub-problems. This method 

uses an LLM with minimal examples to guide it through a multi-step process, which 

includes schema linking, query classification, and decomposition, before generating the 

final SQL query. It also incorporates a self-correction mechanism to refine the gener-

ated query, enhancing its accuracy. 

Another advanced system, MAC-SQL [17], is designed to handle multi-turn inter-

actions, where users can refine their queries through conversation. It maintains the con-

text of the dialogue by classifying the relationship of a new question to the previous 

ones. MAC-SQL then selectively incorporates historical information and schemas to 

generate the appropriate SQL query, making it effective for complex, iterative data ex-

ploration. 

CodeS [18], on the other hand, is a text-to-SQL model focused on supervised fine-

tuning of large pre-trained language models like T5. It was trained on the Spider and 

other text-to-SQL datasets, achieving high execution accuracy without relying on in-

context learning. Its performance demonstrates the power of fine-tuning LLMs on spe-

cific tasks to achieve state-of-the-art results. 

More recent developments include systems that integrate directly with database op-

erations. DBCopilot [19] utilizes an LLM to generate not only SQL queries but also 

associated Python code for data visualization. It operates within a closed-loop environ-

ment that retrieves database schema, generates queries, executes them, and even per-

forms self-correction by analyzing execution results and applying feedback for subse-

quent query generation. 

Finally, addressing safety and correctness, SafeSQL [20] introduces a multi-step 

generation process that focuses on producing reliable and executable queries. It uses an 

LLM to first select the relevant tables and then generate the query column-by-column, 

performing validation at each step. This methodical approach is designed to reduce er-

rors and ensure that the final query is both syntactically correct and semantically 

aligned with the user's intent. The previous works use different combinations of meth-

ods and techniques to generate and optimize SQL queries from natural language 

prompts, as shown in Table 1. 
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Table 1. Comparison of Methodologies from 4 Different Papers 

Paper NLP CTE 
Predicate-

oriented Clustering

Decomposed In-Context Learning of Text-to-

SQL with Self-Correction (DIN-SQL) [8] 
Yes No No 

Multi-Agent Collaborative Framework for 

Text-to-SQL (MAC-SQL) [17] 
Yes No No 

CodeS [18] Yes No No 

DBCopilot [19] Yes No No 

Self-Augmentation in-context learning with 

Fine-grained Example selection for Text-to-

SQL (SafeSQL) [20] 

Yes No No 

Approaches and Challenges for Integrating Query Generation Software with 

Cloud-based Data Services. While the integration of query generation software with 

cloud-based data services like Google BigQuery offers significant advantages such as 

the scalability to meet growing data demands [21] and access to diverse datasets for 

more insightful analysis [22] it also introduces a unique set of challenges. These include 

ensuring interoperability between the generation software and various cloud protocols 

[23], addressing stringent security and privacy requirements through mechanisms like 

encryption and authentication [24], and validating the reliability of the generated results 

[25]. 

Many existing studies on query generation [18], [19], [26] do not fully address these 

end-to-end integration challenges, often because their systems are designed for pri-

vately accessed databases in specific research or clinical contexts. This leaves a gap for 

a solution that can tackle the complexities of a modern cloud environment. Addressing 

these challenges requires a technology capable of handling both linguistic ambiguity 

and complex system integration, a role for which Large Language Models (LLMs) are 

exceptionally well-suited[27], [28]. 

Generative Pre-trained Transformers (GPT) are a class of LLMs that have demon-

strated powerful capabilities in various language and code-generation tasks. These ca-

pabilities were famously demonstrated by GPT-3 [29], and successor models like GPT-

3.5 are further optimized to understand context and generate human-like text or, in this 

case, structured code. In this approach, the database schema (metadata) is programmat-

ically provided to the model as context. This is followed by the user's natural language 

prompt, which serves as the specific task instruction. The LLM then synthesizes this 

information to generate a syntactically correct SQL query that is tailored to the specific 
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database structure. This technique forms the core of the methodology used in this re-

search to create an integrated, end-to-end system for cloud databases. 

2.2 Methods 

This section details the design of Querier, a system developed to translate natural 

language prompts into executable SQL queries. The system's architecture, illustrated in 

Fig. 1, is a three-part application built with Python. It utilizes Streamlit for the user 

d Google BigQuery 

lable inside Google 

43 rows without any 

 

 

interface, the OpenAI API for the core query generation engine, an

as the target database. For testing, we used public dataset avai

BigQuery titled “wine_quality”. It consists of 13 features and 11

missing values detected. 

Fig. 1. Querier Architecture 

 The operational workflow is initiated when a user submits a natural language prompt 
through the Streamlit UI. To provide context for query generation, the backend engine 
first retrieves the database schema from BigQuery. This schema is then combined with 
the user's request using dynamic prompt engineering to construct a detailed prompt for 
the GPT-3.5-turbo model. The model generates a corresponding SQL query, which is 
extracted from the API response. After user validation, this query is executed directly on 
the BigQuery warehouse, and the final results are passed back to the frontend for display. 

 
Fig. 2. Querier Use Case Diagram 



 

 

Enhancing AI-Driven Query Generator by Bridging Natural …             159

 The primary user interactions are illustrated in the Use Case Diagram (Fig. 2). This 
diagram depicts the main actor, the User, and their key capabilities within the system, 
which include submitting a natural language prompt, validating the system-generated 
SQL query, and initiating its execution against the database. 

 The Object Diagram in Fig. 3 presents the static relationships between the core soft-
ware components. It shows the StreamlitUI object responsible for handling user in-
put/output, the TextGenerationAI object that encapsulates the API call, and the main 
Querier object that orchestrates the workflow between the UI and the BigQuery database 
object. This query is then passed to the main Querier object, which orchestrates the work-
flow. After receiving confirmation from the user via the StreamlitUI, the Querier object 
sends the SQL query to the BigQuery object for execution. The resulting data is returned 
through the Querier object and ultimately displayed by the StreamlitUI. 

 

 

Fig. 3 Querier Object Diagram 

The sequence of interactions between the system's four primary components the 

User, the Querier application, Google BigQuery, and the OpenAI server is detailed in 

Fig. 4. This diagram shows the chronological flow of messages. Querier functions as 

the central controller, mediating interactions between the user and the external services. 
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Fig. 4. Querier Sequence Diagram 

Two main interaction sequences occur between Querier and Google BigQuery. The 

first is the initial fetching of database metadata, which is triggered automatically upon 

application startup. This metadata is then cached within Querier to be used as context 

for the OpenAI API. The second interaction is the execution of the SQL query, which 

is initiated only after the user approves the query generated by the LLM. The interaction 

between Querier and the OpenAI service (represented as TextGenAI) is singular in pur-

pose: to generate the SQL query. A prompt, composed of the database context and the 

user's request, is sent to the service, and the generated query is returned in the response. 

3 Results 

3.1 User Scenario Test 

The User Scenario Test aims to emulate real-world user interactions. The tests were 

performed on a laptop with Python libraries and dependencies to validate the 

application's usability under standard user scenarios. Two tests are conducted in this 

section, shown in Table 2, mainly to check the application's usability. The output from 

these tests shows that the application worked properly 

Table 2. User Scenario Test Result 

No 
Test 

Case ID 
Description Output 

1 US-QG-1 Users can enter a prompt into the 

app 

 query successfully generated and

shown in the chat box 



U

th
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2 US-QG-2 sers can choose whether to run

e query or not 

Both Run and No option works well 

 

Fig. 5 shows the graphical user interface (GUI) of Querier during a typical opera-

tional sequence. A prompt submitted by the user (red profile icon) results in a generated 

SQL query displayed by the assistant (yellow profile icon). Following user approval for 

execution, the query result is rendered at the top of the chat interface. 

Fig. 5. Querier working GUI 

A second set of tests was conducted to specifically validate individual components 

of the user interface. These tests, detailed in Table 3, assessed the functionality of the 

prompt input field, the query display area, and the query execution button. The observed 

outputs for each test case confirm that all tested interface elements respond correctly to 

user interaction. 

Table 3. Interface Testing Result 

No 
Test 

Case ID 
Description Output 

1 IT-1 Test Prompt input. The prompt successfully printed on the User's 

chat bubble inside the chat interaction box. 

2 IT-2 Test Display of 

Query Generation 

Result 

After the user's input is displayed, the 

assistant's chat bubble successfully appears 

below the user's chat bubble with printed 

query results. 

3 IT-3 Test Run Query 

Button 

After choosing the 'Run' button, the user 

receives a query execution result. 
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3.2 Component-Level Testing 

In addition to the end-to-end functional validation, tests were conducted to verify the 

core backend components responsible for query generation and database communica-

tion. The primary functions of the query generation engine were tested, including 

metadata retrieval from the database, the parsing of user prompts, and the handling of 

the OpenAI API call. The test cases and outcomes, confirming the successful operation 

of each component, are detailed in Table 4. 

Table 4. Query Generation Testing Result 

No
Test 

Case ID 
 Description Output 

1 QG-1 Read metadata from the database The metadata of the database was

successfully fetched. 

2 QG-2 Read the user prompt and parse 

it to fit the true prompt 

The prompt result is successfully

parsed into a query. 

3 QG-3 Send the parsed prompt to the 

API 

API Response shows that the query

is successfully executed. 

The results in Table 4 confirm that each component of the query generation engine, 

from metadata retrieval to API communication, operated successfully without errors. 

The tests specifically verified the system's capability to correctly fetch the database 

schema, properly structure the user's prompt for the API call, and receive a valid SQL 

query in response. This successful sequence validates that the foundational logic for 

translating a user's intent into an executable query is functioning as designed. 

Furthermore, the connectivity between the Querier application and the Google 

BigQuery database was specifically tested. These tests validated the system's ability to 

establish a connection, execute a generated query against the database, and receive the 

resulting data. 

Table 5. Database Connection Testing Result 

No
Test Case 

ID 
 Description Output 

1 DC-1 Connect to Database Connected and retrieved database

metadata 

2 DC-2 Send generated query into 

BigQuery 

Query successfully executed 



 

 

 

Table 6. Prompts used in the User Performance Test 
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3 DC-3 Receive results from an 

executed query 

Successfully received 

execution result 

query

As shown in Table 5, all stages of database interaction were completed successfully, 

confirming the system's robust connectivity with Google BigQuery. The tests validated 

not only the initial handshake to establish a connection but also the subsequent steps of 

sending a generated SQL query for execution and correctly receiving the resulting data 

set. This successful outcome demonstrates that the data communication pipeline, which 

is critical for the application's core function, is reliable and operates without issue. 

To assess the operational efficiency of the system, a single-user performance test 

was conducted in a controlled environment. The evaluation measured the time required 

for the system to process a range of prompts with varying levels of complexity, from 

simple data retrieval to queries involving multiple aggregations. The five distinct 

prompts used for this evaluation are detailed in Table 6 

No Context  Prompt 

1 
Simple Prompt 

give me the first five rows of data from the wine table in the Test_01 

dataset 

2 
Prompt with 

Filter 

show me the first ten customer surnames from the 

'Test_01.customer_churn' table in the Test_01 dataset that have 

complained 

3 Prompt with  1 

Aggregation 

count the frequency of active customers from the 

'Test_01.customer_churn' table in the Test_01 dataset 

4 
Prompt with  3 

Aggregation 

find the mean, min, and max of points earned by all customers in 

the 'Test_01.customer_churn' table in the Test_01 dataset and return 

only the query for the Google BigQuery database 

5 Prompt with 

Operand 

Find the top 3 wines with the highest acidity by adding fixed and 

volatile acidity from the Test_01.wine table in the Test_01 dataset  

Each of the five prompts was executed twice to calculate an average processing time 

for different stages of the workflow. The results of this performance test are presented 

in Table 7. The measured stages include the time for the OpenAI API to generate a 

query, the time for Google BigQuery to execute that query, and the time required to 

load the final result into the user interface. 
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Table 7. User Performance Test Result per Prompts 

No Context Usability Case 

1 2 3 4 5 

1 Simple Prompt ≈0.0s 1.49s 2 1.35s 1.35s 

2 Prompt with Filter ≈0.0s 2.15s 2 1.39s 1.40s 

3 Prompt with  1 

Aggregation 
≈0.0s 2.23s 2 1.47s 1.57s 

4 Prompt with  3 

Aggregation 
≈0.0s 3.67s 2 1.39s 1.39s 

5 Prompt with Operand ≈0.0s 3.08s 2 1.28s 1.28s 

 
≈0.0s 2.52s 10 1.38s 1.39s 

The performance data presented in Table 7 reveals several key insights into the sys-

tem's operational efficiency. A direct correlation is observed between the complexity 

of the user's natural language prompt and the API Latency required for query genera-

tion. For instance, the 'Simple Prompt' was processed by the API in just 1.49 seconds, 

whereas the significantly more complex 'Prompt with 3 Aggregations' required 3.67 

seconds, more than double the time. Conversely, the Query Execution Time within 

Google BigQuery showed remarkable consistency across all tests, remaining stable 

around the average of 1.38 seconds, regardless of the query's complexity.  

To provide a more generalized overview of the system's performance, a summary of 

key metrics is presented in Table 8. For metrics involving network communication, 

such as API latency and query execution time, the results have been normalized by the 

measured internet speed of the local test environment. This normalization, expressed in 

seconds per megabit per second (s/MBps), was performed to account for connection 

speed as a significant external factor and to offer a more standardized performance 

baseline. 

Table 8. Usability Test Metric Result 

No Context  Usability Case Score 

1 Query 

Generation 
Time to parse the prompt ≈0.0s 

2 Query 

Generation 

Time to send a prompt and receive query based 

on  Internet speed (per 1 MBps) 

0.41s / 

1 MBps
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3 Query 

Generation 
A successful run of the query out of 10 trials 

10 out of

10 

4 Query 

Execution 

Successful query execution based on internet speed 

(per 1 MBps) 

0.22s / 

1 MBps 

5 Query 

Execution 

Time to load/view table from Google BigQuery 

Database 
1.39s 

Table 8 aggregates the performance data into a concise set of benchmarks that define 

the system's capabilities under the tested conditions. Notably, the system achieved a 

100% success rate across all 10 trials, indicating high reliability for the core function-

alities. The summary highlights an average API latency of 2.52 seconds and an average 

database execution time of 1.38 seconds. The normalized figures, such as the API la-

tency of 0.41 s/MBps, provide a useful metric for estimating performance expectations 

under varying network conditions. 

4 Results 

The evaluation confirmed that all test prompts were successfully translated into ex-

ecutable queries and highlighted that API latency, rather than database execution time, 

is the primary performance variable. A particularly significant finding was the distinc-

tion between API latency and execution time. This suggests that for systems of this 

nature, optimization efforts should prioritize the AI interaction layer such as advanced 

prompt engineering or model selection rather than traditional database tuning. The sys-

tem's overall speed, delivering results in under ten seconds for all test cases, further 

confirms its suitability for interactive data analysis, where user responsiveness is a crit-

ical factor.  

When contextualized within the existing literature, these results are noteworthy. 

Compared to the trending query generators from Table 1, Querier offers superior flex-

ibility in handling a diverse range of natural language instructions. Unlike highly spe-

cialized systems like DIN-SQL [8], MAC-SQL [17], and CodeS [18], Querier show-

cases the power of modern LLMs to achieve strong results in a more general-purpose 

context, relying on comprehensive schema context rather than deep, domain-specific 

programming. Beyond these academic contributions, the practical implications of this 

work are substantial. By effectively lowering the technical barrier to database interac-

tion, Querier serves as a functional model for tools that can democratize data access 

within an organization, enabling domain experts without SQL skills to conduct self-

service analytics and accelerate decision-making. Despite these promising results, it is 

important to acknowledge several limitations. The evaluation relied on a limited set of 

custom prompts and did not utilize standardized benchmarks like FIBEN [30], making 

direct performance comparisons challenging. Furthermore, testing was confined to a 
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single-user environment and a single database platform (Google BigQuery), so its per-

formance under concurrent loads and its adaptability to other database technologies 

remain unevaluated. 

5 Conclusion 

This research was motivated by the need to simplify database interaction for users 

with limited SQL proficiency. To address this, the Querier system was designed and 

developed as an end-to-end solution that translates natural language prompts into exe-

cutable SQL queries using a Large Language Model. The comprehensive evaluation 

conducted in this study confirmed the viability and effectiveness of this approach, 

demonstrating that Querier is both functionally reliable and performant. 

The key findings indicate that the system successfully handles all tested user scenar-

ios and that its core components operate as designed. Performance evaluations revealed 

that Querier can process complex requests efficiently, with the primary performance 

variable being the AI's inference latency rather than the database execution time. The 

primary contribution of this work is a validated proof-of-concept that demonstrates how 

modern LLMs can be securely and effectively integrated with cloud databases to de-

mocratize data access, providing a practical blueprint for similar applications. 

A key limitation of the present study is the use of custom tests rather than standard-

ized benchmarks, which makes direct performance comparison with other systems 

challenging. Therefore, a critical direction for future work is to evaluate Querier against 

established benchmarks, such as SPLODGE for query execution performance or the 

FIBEN dataset for natural language to SQL accuracy. Furthermore, future research 

should expand the scope of testing to include a wider variety of ambiguous prompts, 

assess performance under concurrent user loads, and extend support to other database 

systems to enhance the system's versatility and robustness. 
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