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Abstract

Large language models have been increasingly applied for Text-to-SQL tasks recently, due to the fact that generating
correct SQL queries is the most important factor. This study presents a comparison of Al agents based on open-source
and closed-source large language models for generating SQL queries. GPT-40, Claude 3.7 Sonnet, and LLaMA 3 8B
were evaluated using two widely known datasets: Spider and WikiSQL. The chosen architectures were compared using
Exact Match, F1-score, BERTScore, Execution Accuracy and processing time. Obtained results show that all agents
perform well on simple queries, while agents based on closed-source models achieve better performance on complex
SQL generation tasks.
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1. Introduction related literature is divided into four sections, which are

In recent years, large language models (LLMs) have presented in the following part of the chapter.

demonstrated an ability to understand natural language 2.1. Surveys and Overviews
and generate complex queries. As a result, they became
a promising tool for SQL query generation, especially
helpful for users without extensive SQL knowledge.
This approach can significantly simplify and improve
database interactions.

Despite the growing number of LLMs, research
comparing their performance in practical database tasks
remains limited. These models can be divided into two
main subsets: open-source and closed-source. The dif-
ferences between these two groups may affect the quali-
ty, correctness, efficiency, and time required for SQL
query generation.

The aim of this paper is to evaluate and compare Al
agents built on different large language models (LLMs)
in generating SQL queries. This study includes closed- 2.2. LLMs for SQL generation
source models such as GPT-40 and Claude 3.7 Sonnet,
and an open-source model LLaMA 3 8B. The following
hypotheses were defined in the study:

H1: The agent based on the open-source LLaMA 3
8B LLM requires more time to generate SQL queries
than the agents based on GPT-40 and Claude 3.7 Son-
net.

H2: Agents based on closed-source LLMs achieve
better performance in generating complex SQL queries
than the agent based on open-source LLM, as measured
by Exact Match, BERTScore, F1-score, and Execution

The evolution of Text-to-SQL systems is dominated by
Large Language Models (LLMs). Research identifies
four key foundations for Text-to-SQL: natural language
understanding, schema linking, semantic parsing, and
SQL generation [1]. Surveys outline several recurring
challenges for Text-to-SQL systems, such as: generaliz-
ing across domains, difficulties with schema under-
standing, strict syntax and vocabulary gaps [2][3]. The
most popular Text-to-SQL datasets, according to recent
research, are Spider (a complex cross-domain dataset)
and WikiSQL [4]. The performance of systems is pri-
marily evaluated using execution accuracy and exact
matching [5].

Comparative studies evaluate the capabilities of various
LLMs, often using the Spider and Spider-realistic da-
tasets [6]. Closed-source models: GPT-3.5 and GPT-4
consistently outperform open-source models, such as
Dolly, LLaMA, and MistralAl in Text-to-SQL tasks
[7][8]. Evaluation of SQL syntax accuracy on the
NorthWind database reported an average accuracy of
87% for GPT-3.5 and 80% for Gemini 1.0 Pro [9].
While LLMs handle recognition tasks effectively, they
still struggle with understanding semantics [4]. Despite
high accuracy, LLMs lack the expertise needed to opti-

Accuracy. - ] .

H3: The agent based on open-source LLaMA 3 8B mize the queries, meaning programmers cannot be fully
LLM achieves performance comparable to agents based replaced.
on closed-source LLMs in generating simple SQL que-
ries, as measured by Exact Match, BERTScore, F1- 2.3. Prompt Engineering, RAG and In-Context
score, and Execution Accuracy. Learning
2. Related work Retrieval-Augmented Generation (RAG) and specific

prompt design strategies are implied to enhance LLMs’
accuracy and to improve their performance [10]. RAG
systems consist of a retrieval module and a generative

This chapter summarizes recent studies on Al-based
SQL query generation and Text-to-SQL methods. The
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module. Although RAG is a promising answer to the
limitations of the existing Text-to-SQL systems, it has
issues with dynamic adaptation to schema changes.
ReFSQL is a retrieval-augmented framework that im-
proves robustness by using a structured-enhanced re-
triever and a generator [11].

ASTRES combines AST-based reranking and sche-
ma pruning to dynamically gather database-specific
information and determine the best few-shot examples
for In-Context Learning [12]. Strategies like SL (identi-
fying the relevant tables), CC (clause-by-clause SQL
generation), and SL+CC (combination of both) signifi-
cantly improved the performance of LLMs [13]. To
enhance the accuracy of RW-RDBs, a two-step RAG-
based method was proposed. First, generating a synthet-
ic dataset of natural language and SQL pairs, then re-
trieving similar pairs to use as prompts to the LLM [14].
Although EMSL reduces robustness, it creates models
vulnerable to typos. The study [15] suggests substituting
it with a pre-trained language model as an encoder.

2.4. Synthetic Data, Fine-Tuning and Training
Methods

A synthetic data method that blends high-quality sam-
ples from large, advanced models with weaker samples
generated by smaller models was proposed to improve
the generalization in Text-to-SQL models [16]. Re-
search on training LLMs for schema-independent
prompting showed that fine-tuned Flan-T5 models
achieved an LFA of 0.85, outperforming current state-
of-the-art models [17]. LR-SQL is a general dual-model
SFT framework that includes both a schema linking
model and an SQL generation model. It was proven to
use 40% less GPU memory than baseline SFT methods
[18]. The study [19] introduces a dynamic loss function
that applies distinct weighting to specific token catego-
ries, improving the execution accuracy by 20% com-
pared to the standard loss function.

3. Materials and methods

This section describes the datasets, models and evalua-
tion metrics used during the experiments.

3.1. Datasets

The experiments were conducted using two popular
datasets for Text-to-SQL tasks: Spider [20] and Wik-
iSQL [21].

Spider is a large-scale, complex, and cross-domain
dataset. It consists of natural language questions paired
with SQL queries across multiple databases. The queries
range from simple SELECT statements to advanced
queries involving JOIN operations, aggregations, and
nested subqueries. Spider categorizes queries into four
difficulty levels: easy, medium, hard, and extra hard.
This dataset is widely used to evaluate models’ ability
to generate semantically correct and structurally accu-
rate queries. In this study, 866 queries were randomly
selected from the Spider dataset. The sampled data
reflects the original distribution of query difficulty lev-
els.

WikiSQL is a large-scale dataset focused only on
single-table queries. Similar to Spider, it provides natu-
ral language questions mapped to SQL queries. The
SQL statements are limited to simple SELECT state-
ments with optional aggregation and filtering condi-
tions. In this study, 400 queries were randomly selected
to evaluate model performance on simple SQL genera-
tion tasks.

Using both datasets enables a thorough evaluation of
large language models on both simple and complex
SQL queries, providing a comparative analysis across
different levels of query difficulty. SQL queries were
normalized by removing redundant whitespace and
standardizing keyword casing to ensure consistent com-
parison. Natural language questions were kept in their
original form. No data augmentation of queries was
performed. The final distribution of queries across da-
tasets and difficulty levels is presented in Table 1.

Table 1: Distribution of selected queries across datasets and diffi-
culty levels.

. Extra
Dataset Easy Medium Hard Hard Total
Spider 456 300 100 10 866
WikiSQL 400 - - - 400

3.2. Models

Based on the literature overview, the performance of
open-source and closed-source LLMs differs signifi-
cantly. This study evaluates three Al agents based on
large language models for SQL query generation: two
closed-source models, GPT-40 and Claude 3.7 Sonnet,
as well as one open-source model, LLaMA 3 8B. The
selected LLMs were used as the foundation for Al
agents in order to examine how differences in model
architecture influence SQL query generation perfor-
mance.

3.2.1.GPT-40

GPT-4o0 [15] is a large multimodal model developed by
OpenAl. It is based on a Transformer architecture and
pre-trained using both commonly available and licensed
data. GPT-40 was fine-tuned using Reinforcement
Learning from Human Feedback (RLHF). GPT-40 out-
performs existing large language models on across vari-
ous NLP (Natural Language Processing) tasks.

3.2.2.Claude 3.7 Sonnet

Claude 3.7 Sonnet [22] is a closed-source large lan-
guage model developed by Anthropic. It is built on
a Transformer-based architecture, designed to support
advanced contextual understanding. Claude represents
a state-of-the-art alternative to GPT-4o.

3.2.3.LLaMA 3 8B

LLaMA 3 8B [23] is an open-source large language
model developed by Meta. It is based on a Transformer
architecture. This model is pre-trained on 15.6T tokens
and contains 8 billion parameters, supporting a context
window of up to 8K tokens.
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3.3. Metrics

Al agents’ performance was evaluated using multiple
metrics to ensure both structural accuracy and semantic
validity of generated SQL queries.

For evaluating queries, Exact Match, F1-score, Exe-
cution Accuracy, and BERTScore were applied. Exact
Match [24] measures whether the generated SQL query
exactly matches the reference query after normalization.
Fl-score [25] evaluates the correctness of individual
SQL clauses by comparing predicted and reference
components. The F1-Score is defined as:

Precision - Recall

=2. 1
F1=2 Precision + Recall M
where:

Precision — TP @)

recision = TP L FP

TP

= 3
Recall TPTFN 3)

and TP is True Positive, FP is False Positive and FN is
False Negative. In addition, BERTScore [26] was used
to measure the contextual similarity between generated
and reference SQL queries. BERTScore is defined as:

PBERT ’ RBERT

Floger =2 Ppgrr + Rpgrr @
where:
Pgerr = iz max x] y;
Il L yjey )
X{€X
Rpgrr = i Z max x| y;
ly| £a xex t7 (6)

yjey

and x,y are the candidate and reference texts, x;,y; are the
token embeddings. Execution Accuracy [24] tests if the
generated SQL query is correct and produces the same
outcome as the referenced query. Execution Accuracy is
defined as:

Number of correct executions

Execution Accuracy = @)

Total number of queries

3.4. Experimental setup

All experiments were conducted using pre-trained large
language models accessed via their APIs. No additional
fine-tuning was performed. For each query, the corre-
sponding Al agent generated a single SQL query which
was then evaluated using Exact Match, F1 score,
BERTScore and Execution Accuracy. The evaluation
was performed on a local machine with the following
specifications: Apple MacBook Air with M1 chip, run-
ning macOS Thaoe 26.2.

4. Results

Al agents’ evaluation was divided into three parts: sim-
ple queries from the WikiSQL dataset, simple queries
from the Spider dataset (easy subset) and complex que-
ries from the Spider dataset (medium, hard and extra
hard subsets).

4.1. Simple queries from WikiSQL

Evaluation of agents was conducted on 400 queries
from the WikiSQL dataset. The performance of the
evaluated systems is presented in Table 2. All evaluated
agents achieved perfect Execution Accuracy, indicating
that all generated queries returned correct results. Dif-
ferences between the evaluated systems can be observed
in Exact Match (EM) and F1-Score. The highest EM
was achieved by the GPT-4-based agent (0.09), fol-
lowed by LLaMA-based agent (0.06), while Claude-
based agent obtained the lowest value (0.01). Similar
results were observed for F1-Score where GPT-4-based
agent and LLaMA-based agent achieved comparable
results (0.71), outperforming Claude-based agent (0.66).
BERTScore values were consistently high for all evalu-
ated systems (0.93-0.96), suggesting high semantic
similarity between generated and reference queries. The
shortest processing time was achieved by GPT-4-based
agent, followed by Claude-based agent, while LLaMA-
based agent was the slowest. These results indicate that
all agents are highly effective at generating correct SQL
queries for simple, single-table tasks.

Table 2: Performance of evaluated agents on simple queries from the WikiSQL dataset.

Model Time F1-score Bert-Score Exact Match Execution Accuracy
LLaMA 13min 42s 0.71 £0.16 0.96 +£0.03 0.06 £0.23 1.00 £0.00
GPT 6min 13s 0.71 £0.17 0.95 +£0.02 0.09 +£0.28 1.00 £0.00
Claude 10min 36s 0.66 £0.17 0.93 +£0.03 0.01 +£0.07 1.00 £0.00

4.2. Simple queries from Spider

The results for simple queries from the Spider dataset
(456 queries) are presented in Table 3. In comparison to
WikiSQL, the performance of the evaluated agents on
Spider is slightly lower, reflecting the greater variability
of queries. GPT-4-based agent achieved the highest
Execution Accuracy (0.87), followed by Claude-based
agent (0.84) and LLaMA-based agent (0.83). Exact

Match remained low for all evaluated systems, with
GPT-4-based agent achieving the highest score (0.21)
and Claude-based agent the lowest (0.15). The highest
F1-Score was obtained by LLaMA-based agent (0.77),
slightly outperforming GPT-4-based agent (0.75) and
Claude-based agent (0.72). BERTScore values achieved
by GPT-4-based agent and LLaMA-based agent were
nearly identical (0.94), indicating comparable semantic
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quality of the generated queries. The shortest processing
time was again achieved by GPT-4-based agent, while
LLaMA-based agent was the slowest. These results
indicate that although all evaluated systems performed

well on simple queries, GPT-4-based agent provides
slightly better execution correctness, while LLaMA-
based agent achieves competitive performance in terms
of token-level similarity.

Table 3: Performance of evaluated agents on simple queries from the Spider dataset.

Model Time F1-Score Bert-Score Exact Match Execution Accuracy
LLaMA 16min 24s 0.77 £0.20 0.94 £0.04 0.19 +0.39 0.83 £0.38
GPT 6min 21s 0.75 £0.22 0.94 £0.04 0.21 £0.41 0.87 £0.34
Claude 11min 53s 0.72 £0.23 0.92 £0.04 0.15 +£0.36 0.84 £0.37

4.3. Complex queries from Spider

The performance of the evaluated agents on complex
queries from the Spider dataset (medium, hard and very
hard queries) is presented in Table 4. The results show
a significant decrease in performance across all agents
compared to simple queries. The highest Execution
Accuracy was achieved by GPT-4-based agent (0.60),
followed by Claude-based agent (0.57) and LLaMA-
based agent (0.51). Exact Match scores were extremely
low for all evaluated systems, with GPT-4-based agent
achieving 0.03, LLaMA-based agent reaching 0.02, and
Claude-based agent failing to generate any exact match-

es (0.00). The highest Fl-score was achieved by LLa-
MA-based agent (0.58), followed by GPT-4-based agent
(0.52) and Claude-based agent (0.50). BERTScore val-
ues were significantly lower than in simple tasks (0.88-
0.90), although still relatively high. These results indi-
cate that the evaluated agents preserved semantic mean-
ing despite structural inaccuracies. This suggests that
query complexity significantly impacts agents’ perfor-
mance. Evaluated systems struggled with generating
structurally correct SQL, especially in cases involving
multiple joins, aggregations, and more complex query
structures.

Table 4: Performance of evaluated agents on complex queries from the Spider dataset.

Model Time F1-score Bert-Score Exact Match Execution Accuracy
LLaMA 14min 13s 0.58 £0.19 0.90 £0.04 0.02 £0.15 0.51 £0.50
GPT 7min 36s 0.52 £0.15 0.90 +£0.03 0.03 £0.16 0.60 +0.49
Claude 10min 36s 0.50 £0.14 0.88 £0.02 0.00 £0.00 0.56 £0.50

5. Discussion
5.1. Performance on simple queries

The results for simple queries indicate that all evaluated
agents obtained high performance, especially in terms of
Execution Accuracy. For WikiSQL, all agents reached
a perfect score, while for Spider, the values remained
high, with GPT-4-based agent achieving the best score.
Although the Execution Accuracy was similar for all
evaluated agents, differences can be observed in Exact
Match and Fl-score. The highest Exact Match was
obtained by GPT-4-based agent which indicates better
structural correctness of generated queries. However,
LLaMA-based agent achieved similar Fl-score and
BERTScore values, which suggests that the queries it
generated were semantically similar.

These results confirm hypothesis H3, which states
that the agent based on open-source model achieves
performance comparable to agents based on closed-
source models in generating simple queries. Although
LLaMA-based agent achieved worse results than GPT-
4-based agent, its comparable results in Fl-score and
BERTScore show that it remains competitive for less
complex queries.

5.2. Performance on complex queries

A significant decrease in performance was observed for
complex queries. All agents obtained lower Execution

Accuracy, Exact Match, Fl-score and BERTScore in
comparison to simple queries. Exact match values were
extremely low for all evaluated agents, which indicates
difficulties in generating fully correct SQL queries. The
best Execution Accuracy was obtained by GPT-4-based
agent, followed by Claude-based agent and LLaMA-
based agent.

These results confirm hypothesis H2, which assumes
that agents based on closed-source models outperform
the agent based on open-source models in generating
complex SQL queries.

5.3. Processing time analysis

The analysis of processing time shows that GPT-4-
based agent was consistently the fastest, followed by
Claude-based agent, while LLaMA-based agent re-
quired the longest time to generate queries.

These results confirm hypothesis H1, which assumes
that the agent based on open-source model would re-
quire the longest time to generate queries than agents
based on closed-source models.

The observed differences in processing time may be
related to variations in model size and infrastructure
efficiency between model providers.

5.4. Comparison with existing literature

These obtained results in this study are consistent with
existing research on Text-to-SQL systems. The litera-
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ture review shows that closed-source models outperform
open-source models in complex queries, which was
confirmed by the results of this study [7][8]. The rela-
tively strong performance of the LLaMA-based agent in
simple queries supports previous studies suggesting that
open-source models are becoming more competitive
[23]. Recent findings highlight the difficulty of generat-
ing syntactically perfect SQL queries, which can be
observed in the low Exact Match scores across all da-
tasets [2][4]. The results indicate the need to improve
structural correctness through approaches such as
prompt engineering or schema-aware techniques
[1o][11][12].

6. Conclusions

This study evaluated the performance of agents based
on open-source and closed-source LLMs in Text-to-
SQL tasks on two datasets with different complexity.
The results show that all evaluated agents perform well
on simple queries, obtaining high Execution Accuracy
as well as strong semantic similarity. In this context, the
agent based on the open-source LLaMA 3 model
achieved comparable results to agents based on closed-
source models as assumed in hypothesis H3. However,
the performance of the agent based on the open-source
LLaMA 3 model decreases significantly on complex
queries. The best results were obtained by closed-source
models, particularly GPT-4-based agent. The agent
based on open-source model remains competitive in
terms of partial correctness, which can be observed in
Fl-score and BERTScore. The GPT-4-based agent
proved to be the fastest, while LLaMA-based agent was
the slowest. These findings suggest that open-source
models are becoming a possible alternative for simple
tasks. However, closed-source models still provide
superior performance in more complex queries. Future
works should focus on improving structural accuracy
through advanced techniques such as prompt optimiza-
tion or evaluating performance in real-world database
environments.
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  F 1 = 2 ⋅   P r e c i s i o n   ⋅ R e c a l l  P r e c i s i o n + R e c a l l


  P r e c i s i o n =   T P  T P + F P


  R e c a l l =   T P  T P + F N


    F 1  B E R T = 2 ⋅     P  B E R T ⋅   R  B E R T    P  B E R T +   R  B E R T


    P  B E R T =  1   | x |   ∑    x  i 𝜖 x      m a x    y  j 𝜖 y ⁡    x  i  T   y  j


    R  B E R T =  1   | y |   ∑    y  j 𝜖 y      m a x    x  i 𝜖 x ⁡    x  i  T   y  j


  E x e c u t i o n   A c c u r a c y =   Number   of   correct   executions ​  T o t a l   n u m b e r   o f   q u e r i e s

