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Abstract

Text-to-SQL systems translate natural language questions into executable SQL queries, allowing users without SOL expertise
to access structured data stored in relational databases. Although Large Language Models (LLMs) have substantially improved
SQL generation capabilities, many state-of-the-art Text-to-SQL approaches continue to rely on cloud-based models with high
computational requirements. Such dependence limits their deployment in environments with limited computing resources. This
study addresses this limitation by proposing schema-guided prompting strategies for Text-to-SQL generation using local LLMs.
A chat-based application was developed using the Django Web Framework, while model inference was performed through the
Ollama platform to enable the deployment of local LLMs. The proposed framework incorporates database schema information,
including table structures and column attributes, into structured prompts to improve the alignment between natural language
questions and SQL generation. Experiment results across multiple databases demonstrate that schema-guided prompting
significantly improves Text-to-SQL performance. The highest accuracy was achieved by LLaMA 3 (8B) with objective-aware
prompting, reaching an Exact Matching (EM) accuracy of 71.96%. These findings suggest that structured prompt engineering
provides a practical alternative to model fine-tuning for locally deployed LLMs, offering an effective balance between SQL
generation accuracy, computational efficiency, and data privacy. Future work will investigate fine-tuning strategies, example
selection methods, and cross-domain evaluation to enhance SQL generation.
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1. Introduction

Relational databases are widely used to store and
manage structured data throughout various domains [1],
[2], [3]. Accessing information stored in these databases
typically requires Structured Query Language (SQL),
the standard language for querying and manipulating
relational data. However, writing SQL queries demands
technical expertise that many end users do not possess,
making database access difficult for users without
programming experience [4], [5]. This limitation has
motivated the development of Text-to-SQL systems
that allow users to interact with databases in natural
language by translating natural language questions into
executable SQL queries.

Early approaches relied on rule-based models that
utilized handcrafted linguistic rules and predefined
query templates [5]. These methods later evolved into
keyword-based [6] and pattern-based [7], [8] querying
approaches that attempted to map natural language
expressions to SQL components using manually
defined rules. Grammar-based methods were
introduced to enforce syntactic constraints on SQL
query generation and improve query correctness [9].
With advances in machine learning, recent studies have
also adopted neural network models such as sequence-
to-sequence architectures based on Long Short-Term
Memory (LSTM) networks, which have demonstrated
the ability to learn mappings between natural language
questions and SQL queries from annotated datasets
[10]. Transformer-based architectures have also
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achieved significant advances by capturing complex
relationships between natural language questions and
database schemas [11]. Representative models include
IRNet [12], which combined a transformer encoder
with an LSTM decoder guided by abstract syntax trees,
and RAT-SQL [13], which introduced schema-aware
self-attention mechanisms and achieved 65.6% exact-
match (EM) accuracy on the Spider development
benchmark when augmented with BERT.

The development of large-scale datasets has further
accelerated research in these tasks. Public benchmarks
such as Spider[14], BIRD[15], KaggleDBQA[16], and
WikiSQL[10]  offer challenging  cross-domain
evaluation that includes complex SQL operators such as
where, join, group by, as well as aggregation functions
and nested subqueries. These benchmarks require
models to generalize over different database schemas
and application domains, reflecting real-world database
scenarios. Beyond these cross-domain benchmarks,
several studies have explored domain-specific
applications such as finance [17] and healthcare [18],
demonstrating their potential to support natural
language interaction with domain-specific databases.

Recent advances in large language models (LLMs) have
led to notable improvements in the state of the art of
natural language processing (NLP) tasks, including
code generation, question answering, and Text-to-SQL
[19], [20], [21]. Early LLM-based approaches use pre-
trained models (PLMs) such as GPT-4 and LLaMA to
translate natural language questions directly into SQL
queries. Instead of requiring extensive task-specific
training, many recent methods employ prompt
engineering, where task instructions, schema
descriptions, and example queries are embedded into
prompts to guide SQL generation [22]. This paradigm
enables flexible adaptation across different models,
reduces the need for expensive model training, and
benefits from continuous improvements in PLMs [4].

Prompt engineering in LLM-based approaches typically
involves two main components, namely question
representation and example selection. In question
representation, database schema information such as
table and column names and their relationships is
converted into textual descriptions and incorporated
into prompts alongside task instructions [23], [24], [25].
Meanwhile, in example selection, representative
question—SQL pairs are entered into the prompt to guide
the model in generating queries for new inputs [26],
[27]. Previous studies have shown that selecting diverse
and relevant examples can greatly improve SQL
generation performance [26]. However, formulating
efficient prompts that include extensive schema
information and many examples remains challenging.
Large prompts may increase computational cost,
inference latency, and token consumption, especially
when using API-based LLM services [22], [28].

Several recent studies have explored additional
strategies to improve Text-to-SQL performance. These
include contextual prompting [29], [30], knowledge
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graph integration [1], [2], [31], structured reasoning
mechanisms [4], multi-generator ensemble approaches
[25], and ranking-enhanced encoders with skeleton
parsing [32]. Although these approaches demonstrate
promising results, many recent LLM-based approaches
remain computationally expensive and difficult to
deploy in local environments. Furthermore, they found
it challenging to handle complex database schemas,
multi-table queries, and diverse natural language
expressions, especially when applied to unseen
databases  [33]. For example, GPT-4-based
decomposition methods such as DIN-SQL [25] and
PET-SQL [23] report execution accuracies of 85.3%
and 87.6%, respectively, on the Spider benchmark, but
this level of performance depends on repeated calls to
large, cloud-hosted proprictary models. These
challenges call for efficient prompt strategies that
improve SQL  generation performance while
maintaining computational efficiency and deployment
flexibility.

To address these challenges, this study proposes a
schema-guided prompt strategy for Text-to-SQL
generation using locally deployed LLMs. The proposed
approach organizes database schema information, task
instructions, and representative examples into
structured prompts to improve alignment between
natural language questions and relational database
schemas. A chat-based database interaction system was
implemented, enabling users to query relational
databases in a unified interface through natural
language. The system uses locally deployed LLMs via
the Ollama platform, enabling SQL queries to be
generated without relying on external cloud-based
services. In this study, LLaMA 3 and SQLCoder are
evaluated for SQL generation without additional fine-
tuning. We hypothesize that explicitly structuring
schema and query-intent information within the prompt
improves SQL generation accuracy relative to a
minimal-instruction baseline, without requiring model
fine-tuning.

Accordingly, there are three main contributions of this
study: (1) we propose and empirically compare three
schema-guided prompting strategies for Text-to-SQL
generation: basic prompt, objective-aware, and few-
shot; (2) we develop a chat-based application using
Django and the Ollama platform that operates entirely
without external API calls, addressing privacy, cost,
and connectivity limitations associated with cloud-
based solutions; and (3) we provide an error analysis
characterizing the specific failure modes, including
table/column ambiguity, incorrect join identification,
and example-selection bias that persist even under
schema-guided prompting, informing directions for
future local-LLM Text-to-SQL research.

The remainder of this paper is organized as follows.
Section 2 describes the system architecture and
methodology. Section 3 presents the results and
discusses the findings. Finally, Section 4 presents the
conclusion and ideas for future research.
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2. Methods

This section describes the methodology adopted to
develop and evaluate the proposed Text-to-SQL
system. The proposed framework integrates a chat-
based application, schema-guided prompt construction,
locally deployed large language models, and SQL
execution over relational databases. The methodology
covers the overall system architecture, dataset
configuration, prompt engineering strategies, and the
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experimental setup used to evaluate the proposed
approach.

2.1  System Architecture

The proposed Text-to-SQL system architecture is
illustrated in Figure 1. The architecture consisted of
three layers: user interaction, schema-guided prompt
generation, and SQL execution.

Local LLM Module SQL Execution and Results

Execute SQL Query
;

Fetch Results

EEED

Query Results: Top 5 Sales Regions

Generate SQL Query —

L
:::— Secure DB Connection

Figure 1. System Architecture for Text-to-SQL using Local LLMs

The user interaction layer is implemented as a chat-
based application developed using the Django Web
Framework. Through this interface, users can submit
natural language questions about the database. The
interface also provides schema information, allowing
users to explore available database tables and columns
before submitting queries.

Once a query is submitted, the schema-guided prompt
construction layer retrieves information from the
relevant database schema. This information, along with
the user's question and task instructions, is used to
create a structured prompt. Depending on the selected
prompting strategy, the prompt may also include
objective-aware guidance or representative few-shot
examples to provide additional contextual information
for SQL generation.

The constructed prompt is then processed by the local
LLM component, where LLaMA 3 or SQLCoder is
deployed through the Ollama platform. Running the
models locally enables secure and low-latency SQL
generation while eliminating the need for external
cloud-based services.

In the final stage, the generated SQL query is forwarded
to the query execution layer. The query results
alongside the generated SQL are displayed through the
application interface, allowing users to verify how their
natural language questions are interpreted.

2.2 Dataset and Database Configuration

The proposed framework was evaluated using the
Spider development dataset [14], a widely adopted
benchmark for Text-to-SQL research. The Spider
dataset contains natural language questions paired with

ground-truth SQL queries across multiple relational
database schemas; making it suitable for evaluating
cross-domain SQL generation.

For the experiments, four representative databases from
the Spider development set were selected: Singer,
Concert_Singer, Real Estate Properties, and
Course _Teach. Each evaluation instance consists of
three components: a user question, the corresponding
database schema, and the expected SQL query.
Together, these components provide a reliable basis for
assessing the generated SQL statements across
databases with different schema characteristics.

Figure 2 illustrates the relationship between a user
question, the underlying database schema, and the
corresponding ground-truth SQL query. This example
demonstrates how the proposed framework maps user
questions to executable SQL statements by leveraging
structural information in the database schema.

How many singers do we have? \

Stadium_ID: int
Location: text
Name: text Theme: tex
Capacity: in Stadium_ID:
Highest: int Year: text

Question

concert singer

singer_in_concert

[ concert_ID: ir ,
_jod oSinger ID:text b

concert_ID: int
concert_Name:

Singer_ID: int
Name: text
Country: tex:
Song_Name:
Song_releas-
Age: int
Is_male: bool

Database
Schemas:
concert_singer

Lowest: in
Average: in

I

saL SELECT count(*) FROM singer

Figure 2. Text-to-SQL task illustration

2.3 Prompt Engineering Strategy

Prompt engineering plays a central role in guiding
LLMs to generate accurate and executable SQL queries.
In the baseline configuration, the prompt consisted of
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three main components: a task instruction, user
question, and the corresponding database schema
information. This basic prompt structure provides the
model with sufficient information to generate SQL
queries. An example of the basic prompt configuration
and the corresponding response is shown in Figure 3.

Prompt

You are a SQL generator. Convert the question
into a valid SQL query using the provided schema.

Table: head
Columns: head_ID, name, born_state, age

Question: How many heads of the departments
are older than 56 ?
SQL:

LLM Response
SQL: SELECT COUNT(h.head_ID) FROM ...

Figure 3. Prompt and LLM Response for Initial Setup

Inspired by previous work [4], we further experimented
with an objective-aware prompting strategy. In this
approach, the prompt explicitly identifies key elements
of the user query, including the objective of the inquiry,
the expected output data, and the key entities involved
in the query. Organizing these elements within the
structured prompt helps reduce ambiguity and provides
clearer guidance for SQL generation. Examples of
prompts and model responses for user question analysis
and SQL composition are shown in Figure 4 and 5.

Prompt

Instruction: Read the question to identify the
required data to query and return. Assess if
subqueries are needed.

Table: head
Columns: head_ID, name, born_state, age

Question: How many heads of the departments
are older than 56 ?

LLM Response

To Be Queried: ['heads of departments']

To Return: ['number of heads of departments']
Table Needed: ['head']

Subquery Required:['no’]

Figure 4. Prompt and LLM Response for Question Analysis

Prompt

Instruction: Analyze the intent of SQL clauses and subqueries, then
formulate a SQL query.

Table: head
Columns: head_ID, name, born_state, age

Question: How many heads of the departments are older than 56 ?

Keyword Indicator: The SQL query is likely to need:
FROM, WHERE, SELECT, COUNT

LLM Response

Clause Analysis: FROM clause for retrieving ...
WHERE clause for filtering ...

Subquery Analysis: -

SQL: SELECT count(head_ID) FROM ...

Figure 5. Prompt and LLM Response for SQL Composition

In addition to instruction-based prompting above, we
also evaluated few-shot prompting where several
examples of question-SQL pairs were included in the
prompt. This strategy uses in-context learning of the
model's capability, allowing it to infer patterns in SQL
generation from the provided examples.
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These examples can help the model better understand
query structures, especially for complex database
operations involving joins, filtering conditions, and
aggregation functions. An example of a few-shot
prompt configuration is presented in Figure 6.

Prompt

You are a Text-to-SQL expert.
Instruction: Given a database schema and a question, generate the
correct SQL query.

Examples:
Schema:
Table: head
Columns: head_ID, name, born_state, age
Question: How many heads of the departments are older than 56 ?
SQL: select count(head_id) from heads where age>= 56;

Schema:
Table: head
Columns: head_ID, name, born_state, age

Question: How many heads of the departments are older than 56 ?

LLM Response
SQL: SELECT count(head_ID) FROM ...

Figure 6. Prompt and LLM for Few-Shot Examples
2.4 Experimental Setup

Experiments were conducted using LLaMA 3 (8B) and
SQLCoder (7.2B) deployed locally through the Ollama
platform with each model's default quantization and
inference settings. All experiments were performed on
an Apple M4 processor, 16 GB unified memory, and
macOS Sequoia.

For the few-shot prompting strategy, three example
question—SQL pairs (3-shot) were randomly selected
once for each database and kept fixed throughout all
evaluations to ensure consistent comparisons across
prompting strategies. Model performance was
evaluated using Exact Matching (EM) accuracy. This
metric measures whether the generated SQL query
exactly matched its ground-truth counterpart [14]. Prior
to evaluation, generated SQL queries were post-
processed to remove non-SQL formatting resulting
from the LLMs, such as Markdown code fences.

3. Results and Discussions

This section presents the experimental results and
discusses the proposed prompt strategies and system
components in supporting natural language interaction
with relational databases.

3.1 System Implementation and Query Processing

The proposed system implements an end-to-end
pipeline that generates executable SQL queries from
natural language questions. When users submit a
question through the interface, the application
constructs a prompt by combining it with the
corresponding database schema and task instructions.
This constructed prompt is then forwarded to the
Ollama service, where the SQL query is generated.

Before execution, the generated SQL is post-processed
to remove non-SQL formatting, such as markdown
code blocks, ensuring that only valid SQL statements
are executed. The cleaned query is then submitted to the
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SQLite database, where the execution module retrieves
both the query results and the associated column
metadata. These outputs are formatted into a structured
table and presented through the chat interface.

The implementation demonstrates the seamless
integration of prompt construction, local LLM
inference, SQL execution, and result presentation
within a single workflow. By automating the entire
Text-to-SQL pipeline, the system allows users to
interact with relational databases using natural language
without requiring SQL expertise. Furthermore,
executing through the Ollama platform enhances data
privacy and reduces inference latency. This makes the
proposed system suitable for environments where
cloud-based services are impractical or restricted.

3.2 Schema Extraction and Context Generation

Schema extraction is a key component of the proposed
Text-to-SQL system because it provides database
schema information needed for accurate SQL
generation. The system automatically retrieves
metadata from the SQLite database, including table
names and column attributes, and incorporates this
information into the prompt provided to the LLM. By
explicitly providing the database schema, the model can
better relate natural language questions to the
underlying tables and columns, reducing ambiguity
during query generation.

The extracted schema serves two main purposes. First,
it enriches the prompt with contextual information that
helps the model identify the relevant database entities
when generating SQL queries. This additional context
is particularly beneficial for questions involving
multiple tables, filtering conditions, or aggregation
operations, where a clear understanding of the schema
is essential. Similar observations have been reported in
previous Text-to-SQL studies, demonstrating that
schema-aware prompting improves the alignment
between natural language queries and relational
database structures.

Second, the extracted schema information is presented
through the interface, allowing users to browse
available tables before submitting their questions. This
feature helps users become familiar with the existing
database structure and formulate more specific
questions, thereby improving the system's overall
usability.

By automatically integrating schema information into
both the prompt generation process and the user
interface, the proposed system can adapt automatically
to changes in the database schema without manual
reconfiguration. This design not only simplifies system
maintenance but also improves scalability, which is
suitable for deployment across different relational
database applications.

3.3 Evaluation of Schema-Guided Prompt Strategies

To evaluate the effectiveness of different prompt
designs in guiding SQL generation, three prompting
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strategies were investigated: a basic prompt
configuration, an objective-aware prompt strategy, and
an example-based (few-shot) prompting approach.
These strategies provide different levels of contextual
guidance to examine their impact on the ability of
locally deployed LLMs to generate accurate SQL
queries from natural language questions.

The basic prompting strategy served as the baseline
configuration. The prompt consisted of a task
instruction, user question, and the corresponding
database schema. In comparison, this configuration
provided sufficient information for generating
relatively simple queries. Its performance declined
when handling more complex requests involving
multiple tables, aggregation functions, or ambiguous
language. Using this baseline, LLaMA 3 (8B) achieved
an average EM accuracy of 65.1%, indicating that
schema information alone is insufficient for reliably
generating complex SQL queries.

To improve user question interpretation, an objective-
aware prompting strategy was introduced based on the
structured reasoning approach proposed in previous
Text-to-SQL studies [4]. In addition to the database
schema, the prompt explicitly describes the objective of
the question and highlights the key entities and
attributes involved in the expected SQL query. This
additional semantic guidance reduces ambiguity and
helps the model better map natural language
expressions to the corresponding database schema. As
shown in Table 1, objective-aware prompting achieved
the best overall performance, with LLaMA 3 (8B)
reaching an average EM accuracy of 71.96%. The
consistent improvement across the evaluated databases
suggests that explicitly representing user intent is
particularly beneficial for queries involving filtering
conditions, aggregation operations, and multi-table
relationships.

The third experiment investigated an example-based
prompting strategy in which several question—SQL
pairs were included in the prompt. This approach
leverages in-context learning, enabling the model to
infer SQL query structures from provided examples.
Even though the examples in this study were randomly
selected without considering semantic similarity or
schema alignment, this approach still improved
performance over the baseline. Under this
configuration, the LLaMA 3 model achieved an average
EM accuracy of 68.91%, indicating that providing
example queries can help guide the model toward more
structured SQL outputs.

These findings support our initial hypothesis that
explicitly structuring schema and query-intent
information within the prompt improves SQL
generation accuracy relative to a minimal-instruction
baseline. Without requiring model fine-tuning,
objective-aware prompting raised LLaMA 3’s average
EM accuracy from 65.1% (basic prompt) to 71.96%, a
gain of nearly 7 percentage points achieved through
prompt design alone. This improvement is notable
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given that comparable gains reported elsewhere in the
Text-to-SQL literature typically rely on decomposed
multi-step inference pipelines or large proprietary cloud
models; for example, DIN-SQL [25] and PET-SQL [23]
report execution accuracies of 85.3% and 87.6%,
respectively, on Spider using GPT-4. Our best
configuration, using an 8B-parameter model deployed
entirely on local hardware, remains below these cloud-
hosted results in absolute terms, reflecting the expected
trade-off between the privacy-preserving, resource-
efficient deployment this study targets and the raw
capability of much larger proprietary models. This
suggests that in privacy-, cost-, or connectivity-
constrained settings, schema-guided prompting on local
8B-scale models offers a practical middle ground rather
than a direct replacement for cloud-hosted LLM
pipelines.

These findings highlight the importance of prompt
engineering in LLM-based Text-to-SQL systems.
Among the evaluated strategies, objective-aware
prompting produced the most uniform performance
improvements, particularly when combined with
models that possess strong natural language reasoning
capabilities, such as LLaMA 3. These results indicate
that carefully designed prompt structures can act as an
effective alternative to costly model fine-tuning for
real-world database applications.

3.4 Model Results Comparison

The experiments were performed using two open-
source LLMs available through the Ollama platform:
LLaMA 3 (8B) and SQLCoder (7.2B). Model
performance was measured using Exact Matching (EM)
[14] accuracy, which measures the percentage of
generated SQL queries that exactly match the ground-
truth query in terms of structure and syntax. Following
the standard Spider evaluation protocol [14], EM is
calculated as shown in Equation 1.

N Cr_pCr
Zi=1 ]](/\CkE(C Y, =Y )

= (1)

N denotes the number of evaluated queries, C represents

EM =

the set of SQL components, Y; denotes the ground-truth

SQL query, and ?i represents the generated SQL query.
A query is considered correct only when all SQL
components match the ground-truth query.

Table 1 presents the detailed experimental results, while
Figure 7 provides a visual comparison of model
performance across the three prompting strategies. Both
indicate that LLaMA 3 consistently outperformed
SQLCoder across most experimental configurations,
despite SQLCoder being specifically designed for SQL
generation tasks. This finding suggests that LLaMA 3
has stronger semantic reasoning capabilities, enabling
more effective alignment between user question and
database schema. In addition, example-based
prompting achieved its highest single-database
performance on DB3 (87.5%), considerably higher than
its average EM accuracy of 68.91%. Since this
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improvement was not consistently observed across the
remaining databases, the results suggest that randomly
selected examples are sensitive to database schema
characteristics. This observation highlights the need for
more systematic example retrieval or selection
strategies.

B LLaMA 3 (8B) SQLCoder (7.22B)

80%
71.96%

17.65%
17.65%

Objecti

68.91%

61.22%
61.22%
p

le-based Prompt

70%
65.1%

26.33%
26.33%

Basic Prompt

30%

20%

10%

Exact Matching (EM Accuracy (%)

Prompt E:

Prompt Strategies

Figure 7. Comparison of Exact Matching (EM) accuracy for LLaMA
3 and SQLCoder under different prompting strategies. Objective-
aware prompting achieves the best performance for LLaMA 3, while
example-based prompting significantly improves SQLCoder
performance.

Table 1. Exact Matching Accuracy (EM) on the Spider Development

Dataset

Methods DBl DB2 DB3 DB4 Avg

EM

?%S];C Prompt+LLaMA 715 6353 5875 6507 6511
ggsﬁ‘tcifi"e‘f%; 3866 1742 2678 2730 2633
?lijizﬁﬁ[i";vge Prompt 2597 7204 6083 69.85 71.96
?gg%gg;??gé’“’mpt 2432 1151 2521 19.19  17.65
E’fﬁfl’\z]’?gg Prompt 2195 6588  87.5 6785 6891
E"Saénflce(;g‘é‘f‘ﬂg"mpt 66.02 61.67 41.87 5832 61.22

DB 1: singer; DB 2: concert_singer; DB 3: real estate_properties; DB
4: course_teach

The relatively lower performance of SQLCoder in this
study may be explained by the absence of domain-
specific fine-tuning and its limited ability to generalize
across complex database schemas in zero-shot
scenarios. Nevertheless, SQLCoder demonstrated
improved performance when evaluated using example-
based prompting, achieving an average EM accuracy of
61.22%. This finding suggests that in-context examples
can partially compensate for the lack of task-specific
training.

Among the evaluated prompt strategies, objective-
aware prompting, particularly for LLaMA 3, produced
the best overall performance. This finding underscores
the importance of guiding LLMs with structured
representations of user intent and schema semantics.
Explicitly defining the query's objective helps the
model reduce ambiguity and generate more accurate
SQL structures.

3.5 Error Analysis

Several error types were observed during the
experiments. Although the proposed schema-guided
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prompting strategies improved the accuracy of SQL
generation, these errors primarily occurred in queries
involving complex database schemas and ambiguous
natural language expressions.

One common type of error involved the incorrect
selection of tables or columns. In some cases, the model
generated SQL queries that referenced semantically
related but incorrect columns. These happened when
multiple attributes with similar meanings were present
in the schema. This issue was particularly noticeable in
databases with large schemas or tables containing
overlapping column names.

Another frequent error occurred during join operations
in multi-table queries. Although database schema
information was included in the prompt, the model
occasionally failed to correctly identify the
relationships between tables, resulting in incomplete or
incorrect join clauses. This limitation suggests the need
for additional reasoning mechanisms or explicit
relationship representations to improve query synthesis
in complex relational schemas.

Errors were also observed in queries involving
aggregation functions and nested subqueries. The
models generated inaccurate SQL queries in several
cases: they correctly identified the relevant tables but
applied incorrect aggregation functions or filtering
conditions. These errors indicate that the model
struggles with the deeper logical reasoning required for
complex SQL structures; it may correctly interpret the
entities mentioned in the natural language question.

The few-shot prompting strategy sometimes introduced
structural bias when randomly selected examples were
not closely related to the user question or database
schema. As a result, the models occasionally produced
SQL queries that followed patterns from unrelated
examples rather than the intended query structure. In
this strategy, a more effective example selection
strategy based on semantic similarity or schema
relevance is needed.

Finally, the error analysis indicates that schema-guided
prompts significantly improve SQL generation; further
gains can be achieved by refining example selection
strategies and incorporating additional reasoning
mechanisms into the prompt design.

3.6 Limitations and Future Works

Although the experimental results demonstrate the
effectiveness of schema-guided prompt strategies for
improving SQL  generation accuracy, several
limitations should be considered when interpreting the
findings.

First, the experiments were conducted using four
databases from the Spider development dataset; these
cannot fully capture the diversity and complexity of
real-world database environments, which often include
larger schemas, domain-specific terminology, and
continuously evolving database structures.
Consequently, the findings should be interpreted as
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being specific to the evaluated datasets. Further
validation is needed to confirm their broader
applicability to more diverse real-world databases.

Second, the evaluated models were used in zero-shot
scenarios without additional fine-tuning and might
constrain their performance. Though this configuration
reflects realistic deployment scenarios where fine-
tuning resources may be limited, domain-specific fine-
tuning could improve SQL generation accuracy. In
particular, this is true for complex queries involving
multiple tables, nested subqueries, or advanced SQL
operations.

Third, the performance of the example-based prompting
strategy observed in this study may underestimate the
likely improvements achievable through more
advanced example retrieval techniques. Previous
studies suggest that example-selection methods based
on semantic similarity or schema relevance can improve
in-context learning performance of language models.

Finally, model performance was evaluated primarily
using Exact Matching (EM) accuracy. Although EM is
the standard metric for Text-to-SQL evaluation, it does
not account for semantically equivalent SQL queries
that differ syntactically but produce identical execution
results. In addition, the observed performance
differences should be interpreted as indicative rather
than statistically conclusive; the study did not include
significance testing (e.g., paired comparisons across
databases) due to the limited number of evaluation
databases.

Future work may incorporate additional evaluation
metrics to deliver a more comprehensive assessment of
SQL generation in Text-to-SQL, such as execution
accuracy (EX).

3.7 Text-to-SQL Application for Database Interaction

Our developed application shows how the proposed
schema-guided prompting can be applied to support
natural language interaction with relational databases.
As shown in Figure8, users can submit questions and
receive both the generated SQL query and its execution
results through a single interface.

One advantage of the proposed system is that the LLMs
are deployed locally using the Ollama platform. Unlike
cloud-based services, local deployment allows database
queries to be processed entirely within the local
environment, therefore eliminating the need to transmit
potentially sensitive information to external servers.
This approach not only helps protect data privacy but
also reduces network latency, making the system
suitable =~ for  organizations = where  security,
confidentiality, and reliable offline operation are
important considerations.
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Pick a table (optional):

-- Select a table to autofill a question -- v

Show all records from app_student °

° SQL Query:

SELECT * FROM app_student;

° Query Result:

id name age class_name

1 Aice 12 A

2 Bob 13 B

Figure8. Chat Application Interface

The interface was designed to make the query
generation process more transparent to users. Along
with the query results, the system displays the SQL
statement generated from the user's natural language
question. Therefore, users can understand how their
requests are interpreted and verify the generated query
before using the results. Such transparency can increase
user reliance while also helping students and novice
users learn how natural language questions are
translated into SQL queries.

By combining structured prompts, local LLM
deployment, and an interactive chat interface, the
proposed system offers a practical solution for
improving database accessibility while maintaining
privacy and operational efficiency. Overall, the
application  demonstrates  that  schema-guided
prompting can be integrated into a practical database
interface without requiring users to have prior SQL
knowledge.

4. Conclusions

This study presents a Text-to-SQL system that enables
database interaction using natural language. The
proposed approach adopted a schema-guided prompt
strategy that combines database schema information,
task instructions, and query examples into structured
prompts to improve SQL generation.

The results of experiments confirm that prompt design
has a significant impact on SQL generation
performance. Specifically, objective-aware prompting
raised average EM accuracy from 65.1% with the basic
prompt to 71.96%, a gain of nearly 7 percentage points
achieved through prompt design alone. Among the
evaluated strategies, objective-aware prompting and the
LLaMA 3 (8B) model achieved the best performance
with an average EM accuracy of 71.96%. The results
also show that general-purpose language models (i.e.,
LLaMA 3) can outperform specialized models like
SQLCoder in zero-shot scenarios due to their stronger
natural language reasoning capabilities.
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For the broader Text-to-SQL research community,
these results suggest that prompt engineering can
meaningfully close part of the gap for locally
deployable LLMs, rather than costly fine-tuning or
reliance on cloud models. Thus, database access is more
attainable for organizations facing data-privacy, budget,
or connectivity constraints, such as small enterprises,
government agencies, or healthcare providers operating
under strict data-residency requirements. Beyond Text-
to-SQL, the schema-guided prompting evaluated in this
study may also apply to other structured generation
tasks. By explicitly incorporating user intent and
structured schema information into the prompt, the
same principles could support applications such as
natural language-to-API translation, structured code
generation, and  document-grounded  question
answering over domain-specific knowledge bases.

The findings underscore the importance of structured
prompt engineering in enabling efficient Text-to-SQL
systems. This is especially important in environments
where computational resources, privacy, or network
connectivity limit the use of cloud-based LLMs. Future
work will investigate fine-tuning strategies, improved
example selection methods, and cross-domain
evaluation to enhance SQL generation performance
further across diverse database schemas.
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