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ABSTRACT: Query-bridge the NLP-to-SQL systems aim to bridge this gap but face challenges such as poor
performance on domain-specific databases, difficulty handling complex SQL queries (e.g., nested joins and
aggregations), and struggles with non-English language queries. To overcome these limitations, we propose an ML-
powered NLP-to-SQL system enhanced with Ollama-based reasoning. The solution integrates LLMs for NLP,
LangChain for structured query generation, and Pandas for streamlined data handling. Key features include multi-
language support, adaptive learning to improve query precision over time, and SQL error correction for reliable
execution. Additionally, the system incorporates dynamic schema adaptation to handle changes in database structures
and query validation mechanisms to ensure accuracy and prevent errors. By combining Al-driven query generation
with advanced query optimization, the system simplifies database interaction, making data retrieval intuitive, accurate,
and accessible across industries. It empowers both technical and non-technical users to extract meaningful insights
efficiently, boosting productivity and decision-making.

KEYWORDS: Natural Language to SQL (NL2SQL), Streamlit, LangChain, LangGraph, ChatGroq, Language Models
(LLMs), Multilingual Querying, SQL Generation, Voiceto-Text, Speech Recognition.

L. INTRODUCTION

In today’s data-centric world, quick and efficient access to information stored in databases is crucial for timely
decision-making. However, interacting with databases typically requires proficiency in Structured Query Language
(SQL), which poses a challenge for users without technical backgrounds. This often results in bottlenecks, limiting data
accessibility and slowing down critical decisions. Natural Language Processing (NLP)-to-SQL systems offer a
promising solution by enabling users to retrieve data using everyday language rather than writing SQL queries
manually.

Despite their potential, many existing NLP-to-SQL systems struggle with various limitations. These include difficulties
in handling specialized databases, limited support for complex queries like nested joins and aggregations, and a lack of
multilingual capabilities. Additionally, most systems are unable to correct SQL errors effectively or adapt to changes in
the underlying database schema, which can lead to inaccurate or failed outputs.

To overcome these issues, we propose a machine learning-powered NLP-to-SQL platform enhanced with reasoning
capabilities using Ollama. This solution utilizes Large Language Models (LLMs) for interpreting user queries,
LangChain for structured SQL generation, and Pandas for streamlined data manipulation. It includes multilingual
support, adaptive learning for improving query accuracy over time, and a robust SQL correction mechanism to ensure
reliable execution.

Beyond basic query translation, the system offers a range of advanced features. Voice-based input through Whisper and
Streamlit-webrtc makes it accessible for users with visual impairments or those who prefer spoken interaction. It
intelligently adapts to evolving database schemas and retains context across multiple user interactions, allowing for
more natural, conversational querying. Before executing a query, users can view and verify the generated SQL in a
dedicated preview area, reducing the risk of errors.

To enhance data interpretation, query results are presented through interactive visualizations, including charts and
graphs. The system enforces secure access with authentication and role-based permissions, ensuring data privacy and
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regulatory compliance. It also supports seamless integration with existing tools and platforms through APIs and is
compatible with various SQL dialects. Designed for scalability, it offers plugin support for domain-specific
applications and can even operate offline or at the edge using lightweight Ollama models, making it suitable for
privacy-sensitive environments.

Overall, this intelligent and user-friendly system simplifies database interactions and empowers users—regardless of
technical expertise—to access, understand, and act on data more efficiently. Real-time error detection, context-aware
query refinement, and continuous learning from user feedback collectively ensure that the platform evolves to meet
diverse and changing needs.

II. SYSTEM MODEL AND ASSUMPTIONS

The proposed NLP-to-SQL system is designed with a modular and scalable architecture that prioritizes usability,
adaptability, and precision. At the forefront is a web-based interface developed using Streamlit, which provides users
with an intuitive and interactive environment for inputting natural language queries. These queries may vary in
complexity and language, as the system is built with multilingual support in mind. The backend leverages advanced
Large Language Models (LLMs), capable of interpreting user intent and translating it into well-structured SQL
statements. This translation process is guided by contextual understanding and real-time schema awareness, ensuring
that the queries align accurately with the structure and constraints of the target relational database, such as MySQL or
PostgreSQL.

The architecture is underpinned by several key modules. A context tracking module retains the history of user
interactions, enabling the system to support multi-turn conversations and follow-up queries that depend on prior
context. This helps users perform more complex data exploration without having to rephrase or restate previous inputs.
A reasoning engine is integrated to deconstruct complex queries—such as those involving nested joins, aggregations,
groupings, or filters—into manageable logical components before constructing the final SQL output. To ensure
robustness, an SQL correction module automatically detects and suggests fixes for syntactical or semantic errors that
might otherwise cause execution failures.

The system operates under specific assumptions to ensure functionality. It presumes that the underlying database
schema is accessible during runtime, and that metadata—such as table names, column types, and relational mappings—
is either preloaded or retrievable on demand. This metadata serves as a foundation for precise query generation. It also
assumes that users have authenticated access to the system, with predefined roles and permissions that govern which
tables or operations they can access. Security protocols are embedded to safeguard against SQL injection, unauthorized
data access, and other potential vulnerabilities. The platform assumes a clear and intentional query structure from users,
even if phrased in natural language, which aids the model in producing relevant results.

From a deployment standpoint, the system is built to be cross-platform, supporting operation across major operating
systems including Windows, Linux, and macOS. It relies on standard Python libraries such as Pandas for data
manipulation, SQLAlchemy for database interfacing, and LangChain for orchestrating the interaction between language
models and logical components. The system assumes a stable runtime environment with access to internet resources for
model loading, updates, or external API calls, although provisions are made for local inference using tools like Ollama
in offline or privacy-sensitive settings.

Furthermore, the architecture is designed to be self-improving. It incorporates feedback loops that allow it to learn
from user interactions over time. Corrections, rephrasings, or confirmations by users are used to fine-tune future query
outputs, increasing precision and user satisfaction. Whether deployed in enterprise settings, educational platforms, or
cloud services, the system’s architecture ensures that both technical and non-technical users can interact with complex
datasets efficiently, securely, and intuitively.

II. EFFICIENT COMMUNICATION

Effective communication is the cornerstone of a robust NLP-to-SQL system, ensuring a smooth and intuitive
interaction between users and databases. The system must not only parse and understand diverse natural language
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queries but also accurately infer user intent, even when queries are vague, ambiguous, or incomplete. This requires a
tightly integrated workflow between the user interface (UI), the language model backend, and the underlying database
engine. Each component must exchange information in a timely and consistent manner to preserve context and deliver
meaningful outputs.

A key element of this communication process is real-time query interpretation, where the system immediately
converts user input into structured SQL statements, executes the query, and displays results—often with interactive
visualizations. This immediacy allows users to engage in a trial-and-error process, refining their queries iteratively with
the system’s guidance. Advanced query refinement tools, such as autocomplete suggestions, SQL previews, and
natural language paraphrasing, support this iterative model by making it easier for users to understand, adjust, and
resubmit their queries.

Contextual continuity is equally vital, especially for users engaging in multi-turn dialogues. The system must retain
conversational memory, linking current queries to prior interactions to form a coherent dialogue thread. This enables
follow-up questions like "What about last year?" or "Show me the top 5 from that list," which depend on historical
context to yield accurate results. Embedding session-level memory and state management ensures that such
interactions feel natural and aligned with human communication patterns.

In addition to handling context and feedback, the system must support multilingual input to accommodate a global
user base. Multilingual NLP models, combined with automatic language detection, allow users to interact in their native
languages without compromising accuracy. This feature is crucial in multi-regional deployments where users may
prefer or require localized interactions.

Furthermore, the system benefits from explainability mechanisms—for instance, translating SQL queries back into
natural language or annotating outputs with schema references—to improve user understanding and trust. These
mechanisms demystify the query generation process and help users verify the correctness of results.

Security and permission-based communication protocols are also essential to prevent unauthorized access or
unintended query execution. Efficient communication must therefore be not only fast and context-aware but also
secure, ensuring that every interaction respects access control policies.

Ultimately, an NLP-to-SQL system that supports dynamic, transparent, and responsive communication enhances the
overall user experience. It reduces the learning curve for non-technical users, boosts confidence in system outputs, and
creates a collaborative human-Al interaction loop. This makes data retrieval not just more accessible but also more
empowering, enabling faster, smarter, and more inclusive decision-making.

IV. SECURITY

Security plays a foundational role in the architecture and operation of the proposed NLP-to-SQL system, particularly
because it interfaces with potentially sensitive or proprietary data repositories. To uphold strong data protection and
system integrity, a multi-layered security framework has been implemented. At the query level, the system enforces
strict validation rules and utilizes parameterized SQL execution, which significantly reduces the likelihood of SQL
injection attacks by separating code from user input. This validation process ensures that user-submitted queries are
syntactically and semantically safe before being passed to the database engine.

All sensitive information—such as database connection strings, API keys, and model parameters—is stored securely
using environment variables with encryption or secrets management services, preventing leakage during deployment
or logging. Throughout development and testing phases, the system underwent comprehensive penetration testing,
including simulated attack scenarios such as privilege escalation attempts and unauthorized data retrieval. These tests
confirmed the system’s resilience to known vulnerabilities.

To provide visibility into system usage and to support forensic analysis, a robust audit logging mechanism tracks all

user activity, including query history, login attempts, and system configuration changes. Logs are timestamped and
securely stored, enabling real-time monitoring and retrospective analysis. To prevent unauthorized data access due to
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schema changes or misalignment, real-time schema verification is performed before executing any user-generated
SQL.

This ensures that queries align with the current database schema, reducing the risk of errors or unintended data
exposure.

Communication between frontend, backend, and database layers is encrypted using Transport Layer Security (TLS),
safeguarding all data in transit from interception or tampering. The system also features automatic session timeouts
and session token invalidation to protect against session fixation and hijacking attacks. Furthermore, a built-in
anomaly detection engine, powered by machine learning algorithms, monitors for abnormal usage patterns—such as
unusual query frequency, login locations, or data access behavior—which could signal insider threats or compromised
accounts.

To keep the system resilient against emerging threats, it includes automated security patching routines and
dependency vulnerability scanning, ensuring that all third-party packages remain updated and secure. By combining
proactive defense mechanisms, continuous monitoring, and industry-standard security practices, the system achieves
not only strong protection for sensitive data but also alignment with regulatory requirements such as GDPR and
HIPAA. These security foundations contribute significantly to user trust and operational integrity across diverse
deployment environments.

V. RESULT AND DISCUSSION

The system also demonstrated excellent multilingual performance, accurately interpreting and translating queries in
various languages, which makes it highly valuable in global, multi-regional deployments. Its built-in error correction
module proved effective in interpreting and fixing invalid queries, significantly reducing user frustration and improving
query success rates.

User testing revealed high satisfaction scores, particularly in areas of usability, response clarity, and visual presentation
of data. The dynamic visualizations, built using libraries like Plotly, helped users better understand and interpret
complex datasets, transforming raw query results into actionable insights.

From a maintenance standpoint, the system required minimal human intervention after deployment, thanks to
automated feedback loops and self-correcting query logic. Its support for different SQL dialects further extended its

versatility, allowing it to operate across varied organizational databases without significant customization.

Altogether, the system exhibits not only technical robustness and efficiency but also user-centered design, making it a
practical and future-ready tool for organizations seeking to democratize data access and streamline decision-making.
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In the Figure 1: Output interface showing successful conversion of a natural language query to an SQL statement and

C % nlp-to-sql-conversion.vercel.app

QBRIDGE
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® NLP to SQLQuery Execution

Con ral Language queries into SQL effortlessly using Machine Learning.
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L
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the corresponding result.
Be 0|40

Home About Features Login SignUp

Contact Us

Fig. 1 Home Page

In the Figure 2: Example of query execution and result translation using the multi-language support module.

® » n Microsoft Copilot: Your Al comp: X &5 SQL Assistant
G @ localhost:85¢

€3 import favorites £ Dell  on hotstar  » youtbe © spotify (D) whatsapp web

Database Configuration
Select Output Language

French

B Qs

McAfee Security ) Other favorites

Deploy

Multilingual SQL Assistant

Enter your database query:
Je suis désolé, mais je n'ai pas acces aux informations spécifiques concernant I'agent commercial
qui a aidé le compte Codehow ou le montant des ventes qu'il a réalisées. Si vous avez accés a un

systéme de gestion des ventes ou a une base de données, vous pourriez y trouver ces informations.
Sivous avez besoin d'aide pour rechercher ou organiser ces données, je suis la pour vous aider

Create a Plotly visualization based on the DataFrame and chart type

Args: df (pd.DataFrame): Input DataFrame chart_type (str): Type of chart to create question (str): Original
question for title context

Returns: plotly.graph_objs._figure Figure: Plotly figure object

SQL Query

SELECT sales_agent, SUM(close_value) AS total_sales FROM sales_pipeline WHERE account ='Codehow’
GROUP BY sales_agent LIMIT 10;

- L'agent commercial Moses Frase a généré 588 $ de
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Fig. 2 SQL Assistant
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In the Figure 3: Voice input query recognized and processed into an SQL query with displayed results in the user
interface.
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SELECT st.regional_office, COUNT(sp.opportunity_id) AS total_deals, SUM(sp.close_value) AS total_value
FROM sales_pipeline sp JOIN sales_teams st ON sp.sales_agent = st.sales_agent WHERE sp.deal_stage =
'Won' GROUP BY st.nﬂglonal_ofﬁ(s LIMIT 10;

Here is the translation of the SQL query
result in a professional bullet-point f...

Here is the translation of the SQL query resultin a

M Avalable Tables professional bullet-point format:

* The Central regional office has completed a total of 34 deals, with a cumulative value of $52,570.

«  The West regional office has facilitated a total of 25 deals, resulting in a total value of $78,563.
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Fig .3 Voice-Based Query Execution

In the Figure 4: Recent query history displayed in the interface, summarizing previous natural language queries and
results.

Q @ M | & Playground-GrogCloud X & SOl Assistant
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Select Output Language
& Start Voice Input
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Enter your database query:

List the total number of deals and their total value by regional office

B Recent Queries

2025-04-17 20:14:05

e List the total number of deals and their
total value by regional office

SQL Query =

SELECT st.regional_office, COUNT(sp.opportunity_id) AS total_deals, SUM(sp.close_value) AS total_value
FROM sales_pipeline sp JOIN sales_teams st ON sp.sales_agent = st.sales_agent WHERE sp.deal_stage =
'Won' GROUP BY st.regional_office LIMIT 10;

Here is the translation of the SQL query

result in a professional bullet-point ...

Here is the translation of the SQL query resultin a
professional bullet-point format:

B Available Tables

s The Central regional office has completed a total of 34 deals, with a cumulative value of §52,570.

¢ The West regional office has facilitated a total of 25 deals, resulting in a total value of $78,563.
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Fig 4.Recent Queries and Available Tables
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In the Figure 5: Visual analytics chart generated from SQL query results using Plotly, depicting data trends.
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English * The Central regional office has completed a total of 34 deals, with a cumulative value of $52,570.
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* The East regional office has secured a total of 13 deals, with a combined value of $37,250.
Q
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Fig 5. Visualization Support
VI. CONCLUSION

The Natural Language to SQL Query Execution System represents a significant advancement in simplifying database
interaction by enabling users to retrieve data using natural language queries. By leveraging machine learning models,
such as LLMs, along with LangChain for query generation and Streamlit for the user interface, the system offers a
seamless and efficient solution for both technical and non-technical users. The architecture’s contextual reasoning,
multi-language support, and SQL error correction enhance the system’s accuracy and reliability. Comprehensive testing
phases ensured the system's robustness, security, and performance. Through unit, integration, and security testing, the
platform demonstrated stability and resilience against potential vulnerabilities. User acceptance testing (UAT) validated
its usability and effectiveness, while load testing confirmed its scalability under high query volumes. Overall, the NLP-
to-SQL system streamlines data retrieval by eliminating the need for SQL expertise, making it a powerful tool for
industries that rely on efficient and accurate data access. Its intuitive interface, reliable query execution, and
adaptability position it as a valuable solution for enhancing productivity and decision-making.
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