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Abstract

Natural language interfaces supported by
LLMs have been used to translate user ques-
tions into SQL queries, but sending the com-
plete database schema in each prompt entails
high token consumption and computational
cost, especially in corporate databases with
hundreds of tables. This work presents a multi-
agent Text-to-SQL architecture with dynamic
context windows, which combines RAG and
metadata dictionaries to select, at query time,
only the relevant tables and columns. In a case
study with Firebird enterprise databases, the
approach reduces by an average of 84.4% the
number of processed tokens, resulting in more
efficient queries without loss of quality, thereby
contributing to the democratization of access
to corporate databases.

1 Introduction

The strategic use of information has become consol-
idated as an important component of organizational
competitiveness, insofar as managerial decisions
depend on fast and reliable access to data from
different sectors (Paletta and Lago, 2021; Nudu-
rupati et al., 2024). In this context, natural lan-
guage interfaces based on Large Language Mod-
els (LLMs) (Manchanda et al., 2024) emerge as
a promising alternative to democratize access to
relational databases (Fan et al., 2024), allowing
users to formulate queries without direct knowl-
edge of Structured Query Language (SQL) (Liu
et al., 2025).

LLM-based Text-to-SQL systems have been the
subject of several recent studies (Hong et al., 2025;
Huang et al., 2025). These studies show that such
systems are capable of translating intentions ex-
pressed in natural language into complex SQL
queries, but they also highlight important chal-
lenges: robustness in the face of extensive schemas,
data security and privacy, as well as high opera-
tional costs resulting from intensive token usage.

In real corporate databases, the schema may in-
clude hundreds of tables and thousands of columns
(Bodensohn et al., 2025); including the complete
schema in every prompt leads to context windows
close to the model limit, information overload phe-
nomena (Nascimento et al., 2025), and increased
financial cost.

This scenario is important in Brazilian organi-
zations that operate legacy Enterprise Resource
Planning (ERP) systems in Firebird (Milosavl-
jeva and Jankulovska, 2025; Mahfuz, 2024), with
scarce documentation, heterogeneous naming con-
ventions, and queries issued in Portuguese. In such
cases, it becomes vital to reduce the amount of
schema information sent to the LLM (Parciak et al.,
2024), while preserving the semantic context nec-
essary to generate correct SQL.

This work investigates a multi-agent Text-to-
SQL architecture with dynamic context windows,
aimed at large-scale enterprise databases. The main
contributions are: (i) a multi-stage architecture that
combines a contextual selection agent, decision
graphs, and LLMs to select, at query time, salient
tables and columns; (ii) a complete pipeline for the
automatic generation of metadata dictionaries in
YAML/JSON directly from Firebird databases; and
(iii) a case study on three real ERP databases in
Portuguese, in which the impact of context selec-
tion on SQL query accuracy, token consumption,
and per-query cost is quantified.

2 Related work

LLM-based Text-to-SQL systems have increas-
ingly incorporated Retrieval-Augmented Genera-
tion (RAG) to access external documents, exam-
ples, and metadata rather than relying only on para-
metric knowledge. Recent surveys indicate that this
combination is especially useful for handling com-
plex schemas, ambiguous questions, and multi-turn
natural language interactions (Hong et al., 2025;
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Mohammadjafari et al., 2024).
Recent approaches have explored different strate-

gies to improve Text-to-SQL performance. AID-
SQL introduces difficulty-sensitive instructions and
contextual retrieval to adapt query generation to dif-
ferent complexity levels (Li et al., 2025). Another
line of work focuses on schema selection or prun-
ing to reduce prompt size while preserving relevant
information; for example, MAC-SQL decomposes
the process into table selection followed by column
selection, showing that hierarchical selection can
mitigate context overload (Gao et al., 2024; Wang
et al., 2025). In parallel, agent-based approaches in-
vestigate architectures in which specialized agents
plan, retrieve information, and iteratively refine
queries using feedback and heuristics (Santos et al.,
2025). Although effective, these studies generally
assume benchmark-style schemas and do not ad-
dress the systematic generation and reuse of meta-
data dictionaries in large-scale corporate databases.

In summary, the related works do not yet fully
address the scenario investigated in this study. Ap-
proaches such as AID-SQL and MAC-SQL focus
on controlled benchmarks, keeping the schema
complete or nearly complete in the prompt and
without analyzing the impact of context in enter-
prise databases with hundreds of tables. Proposals
with intelligent agents address the orchestration of
stages, but do not explore the systematic genera-
tion and reuse of metadata dictionaries for context
selection. In contrast, this work proposes a multi-
agent Text-to-SQL architecture that combines pre-
generated YAML/JSON dictionaries with hierarchi-
cal selection of tables and columns, specifically
designed for large-scale corporate databases.

3 Methodology

Although the number of databases and queries used
in this study is limited, this constraint is inherent
to the industrial research context and does not un-
dermine the validity of the findings. Access to real
ERP data in production environments is restricted
by confidentiality agreements and operational risk,
making it infeasible to scale experiments arbitrar-
ily. Wohlin et al. (2000) recognize that controlled
experiments in industrial software engineering fre-
quently operate with small samples, emphasizing
that internal validity-that is, the ability to estab-
lish causal relationships between the intervention
and the observed outcomes under the same experi-
mental conditions is more critical than sample size

when the objective is comparative evaluation rather
than population-level generalization.

The choice of ten queries per database was
guided by three criteria. First, coverage of com-
plexity levels: the query set spans simple filtering,
aggregation with GROUP BY, multi-table JOINs, and
temporal filters, ensuring that different demands
on schema comprehension are represented. Sec-
ond, saturation of the comparison: since both ap-
proaches (full schema and proposed selection) are
evaluated on identical queries, the relevant unit of
analysis is the within-condition difference, not the
absolute number of queries; ten paired observations
per database are sufficient to reveal systematic be-
havioral differences between the methods. Third,
alignment with prior Text-to-SQL evaluations in
industrial settings: studies such as Nascimento et al.
(2025) and Bodensohn et al. (2025) similarly con-
duct evaluations on restricted real-world databases,
noting that benchmark-scale datasets (e.g., Spider,
BIRD) do not capture the complexity of legacy en-
terprise schemas. The objective of this experiment
is therefore not to generalize results to all possi-
ble scenarios, but to compare the performance of
the baseline and the proposed method under the
same controlled conditions, following established
practice in applied software engineering research
(Wohlin et al., 2000).

To enable the efficient operation of the system,
we implement a multi-agent architecture responsi-
ble for the automatic extraction and selective use
of metadata from relational databases. The main
agent uses frameworks such as LangChain and
LangGraph to perform structural inspection, cap-
turing names, descriptions, and types of tables and
columns. This procedure involves connecting to
the Firebird database, synthesizing descriptions in
Portuguese by means of Claude 3 Sonnet, accessed
via AWS Bedrock, and organizing this information
into consistent dictionaries.

The resulting dictionaries are stored in struc-
tured formats (YAML/JSON) for selective reuse
across queries. In particular, the files INFO_-
TBLS.yaml and INFO_COLUMNS.yaml aggregate,
respectively, table and column metadata, serving as
the basis for the RAG mechanism. At query time,
the system retrieves only the metadata that are im-
portant for the user’s question, thereby reducing
the amount of context sent to the LLM and, conse-
quently, token consumption.

The processing flow, illustrated in Figure 1, is
organized into two parts. Offline Phase runs when
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the context and description files need to be created
or updated. It creates two files containing informa-
tion from the tables and columns and saves them.
The Online Phase acts as the main text-to-SQL
flow and starts with the user input as a Natural
Language Question, which is used by the Table
Selector Agent to disregard unwanted tables for the
question and finally injects the question and the
pruned context into the SQL Generator Agent.

The architecture is deployed and tested in the
production environment of a private Brazilian or-
ganization. In compliance with the Brazilian Gen-
eral Data Protection Law (LGPD) (Garcia et al.,
2020) and confidentiality agreements, the name
of the institution, the solution code, and the raw
data are not made publicly available without re-
striction. Researchers interested in replicating or
further developing the study may contact the au-
thors; controlled access to subsets of data, metadata,
and code artifacts is available, subject to evaluation
by the partner company and, when necessary, to the
signing of confidentiality agreements or equivalent
instruments.

The evaluation of the methodology combines
quantitative and qualitative analyses. From a quan-
titative perspective, we measure the token reduction
and the per-query cost achieved through context se-
lection, in comparison with a baseline that includes
the full schema. From a qualitative perspective, we
compare the correctness and usefulness of the SQL
queries generated in both scenarios, examining the
extent to which the agents and the RAG contribute
to preventing errors in schema understanding and
semantically flawed queries.

4 Results

This section presents the experimental results of
the proposed architecture in comparison with the
baseline using the full schema, evaluating SQL
generation accuracy, token consumption, and per-
query cost on three real ERP databases in Firebird.

4.1 Experimental setup

To assess the effectiveness of the proposed ap-
proach, experiments were conducted with 10 ques-
tions in Portuguese applied to 3 distinct databases.
The databases correspond to enterprise ERP sys-
tems based on Firebird (Njue, 2025), containing be-
tween 397 and 448 tables, totaling 13,143 columns
(an average of 4,381 columns per database). The
model used for SQL generation is Mistral Large,

Offline Phase

Online Phase

Firebird Database

Raw Schema Extraction

Claude 3 Sonnet
(AWS Bedrock)

Metadata Dictionaries
(YAML/JSON)

Generate PT-BR desc.

Selector Agent
(Context Retrieval via RAG)

SQL Writer Agent
(Query Generation)

User
NL Query

Filtered Schema

Returns Final SQL

Loads Metadata

Figure 1: Complete pipeline architecture. The offline
phase extracts schema metadata into dictionaries, while
the online phase utilizes a multi-agent system to filter
context and generate the SQL query.

accessed via AWS Bedrock (Bhattacharjee, 2025).
The evaluated metrics are: (i) SQL generation ac-
curacy, (ii) number of tokens consumed, and (iii)
average cost per query. The baseline corresponds
to the traditional approach that sends the complete
schema in all prompts, using a fixed context of
32,768 tokens. The 10 queries per database cover
a range of complexity levels, including simple fil-
tering, aggregation with GROUP BY, multi-table
JOINs, and temporal filters. A query was consid-
ered correct if it executed without errors and re-
turned results semantically equivalent to a manu-
ally validated reference answer, as verified by two
domain experts from the partner organization.

The selection of 10 queries, while appearing
quantitatively modest, follows a purposive sam-
pling strategy aimed at high-complexity scenar-
ios. In industrial ERP environments, databases un-
dergo decades of natural evolution, leading to a
chaotic state characterized by a data redundancy,
deprecated tables that remain queryable for legacy
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reasons, and semantic shifts in domain columns
(Bodensohn et al., 2025). The chosen query set
specifically targets these "hard cases" where pre-
liminary agent architectures and baseline models
consistently failed due to the inclusion of legacy or
redundant entities in the SQL generation.

To ensure the robustness of the findings, each
of the 10 queries underwent an extensive iterative
refinement process during the architecture’s devel-
opment. This involved more than 20 execution-and-
comparison cycles per query against gold-standard
SQL statements authored by domain experts.

4.2 SQL generation accuracy

Table 1 presents the accuracy comparison between
the baseline approach (full schema) and the pro-
posed approach (with table selection). Contrary to
the intuition that more context always improves
performance, context reduction not only preserved
but actually increased the quality of the generated
queries. The proposed approach achieves an av-
erage accuracy of 66.7%, whereas the baseline
attains only 13.3%, a gain of 53.4% percentage
points. This result is consistent with the informa-
tion overload phenomenon: the excess of irrelevant
information in the full schema makes it difficult
for the LLM to focus on the elements that are truly
necessary, as observed in studies with large-scale
databases (Nascimento et al., 2025).

N Errors Accuracy
DB q. Base Prop. Base Prop.
BD 1 10 9 3 10.0% 70.0%
BD 2 10 7 3 30.0% 70.0%
BD 3 10 10 4 0.0% 60.0%
Total 30 26 10 13.3% 66.7%

Table 1: SQL generation accuracy.
Note: Accuracy = correct queries / total (N=10 per database).
Base = full schema; Prop. = proposed (schema with
selection).

In database 3, the most complex one, with 448
tables, the baseline did not produce any correct
query, whereas the proposed approach achieved
60% accuracy. This demonstrates that hierarchical
context selection is not merely a cost optimization,
but an essential component for preserving answer
quality in highly complex databases.

Table 2 presents a representative example of a
query generated by the proposed approach, illus-
trating the system’s ability to produce correct SQL
from a natural language question in Portuguese.

Natural language question (PT-BR):
Quais os 5 produtos mais vendidos no último mês? (What
are the five best-selling products in the past month?)

Generated SQL:
SELECT p.DESCRICAO, SUM(i.QUANTIDADE) AS TOTAL
FROM ITENS_VENDA i
JOIN PRODUTOS p ON p.ID = i.ID_PRODUTO
WHERE i.DATA_VENDA >=

DATEADD(-1 MONTH TO CURRENT_DATE)
GROUP BY p.DESCRICAO
ORDER BY TOTAL DESC
ROWS 5;

Table 2: Representative SQL query generated by the
proposed approach from a natural language question in
Portuguese (Database 1).

4.3 Context and cost reduction
Table 3 summarizes the efficiency of the proposed
approach in comparison with the baseline. The
prior selection of tables via LangGraph (Pourreza
and Rafiei, 2023) reduced the average token con-
sumption by 84.4%, which translates into an equiv-
alent saving in the average cost per query. On av-
erage, about 27, 656 tokens per query are saved
relative to the fixed context of 32, 768 tokens. In
addition, the average number of tables in context
dropped from 415 to the range of 4–8, while the
average number of columns is reduced from 4, 381
to 40–80, corresponding to reductions of 97.6%
and 98.2%, respectively. These results are consis-
tent with studies that demonstrate the benefits of
schema selection techniques for mitigating context
overhead (Gao et al., 2023; Wang et al., 2025).

Metric Schema With Reduction
Full Selection (%)

Average tokens/query 32,768 5,112 84.4%
Average cost/query ($) 0.0493 0.0077 84.4%
Tables in context 415 4–8 97.6%
Columns in context (average) 4,381 40–80 98.2%

Table 3: Efficiency comparison between approaches.
Note: Average values computed over 10 test queries on three
Firebird databases (397, 400, and 448 tables).

4.4 Analysis by database
Figure 2 presents the detailed analysis of token
consumption in each database. It is observed that,
with prior selection, consumption ranged between
1, 841 and 9, 068 tokens, remaining consistently
below the fixed limit of 32, 768 tokens of the base-
line. Database 1 (397 tables) shows an average of
6, 151 tokens per query; database 2 (400 tables),
4, 669; and database 3 (448 tables), 4, 364 tokens,

991



indicating that the effectiveness of the selection is
maintained regardless of the schema size.

Figure 2: Token savings relative to the baseline of
32, 768 tokens per query.

4.5 Variability and scalability
The analysis reveals substantial variability in token
consumption as a function of query complexity,
with ranges of up to 326% between simple and com-
plex cases. This dynamic adaptation indicates that
the system exploits the context budget intelligently,
using more tokens only when necessary. The effi-
ciency gain remains consistent even in extensive
schemas (between 397 and 448 tables), with con-
sumption reductions between 81.2% and 86.7%,
which confirms the scalability of the approach.

These results reinforce evidence that the perfor-
mance of Text-to-SQL systems tends to decline in
the presence of very large databases (Hong et al.,
2025). The strategy of using pre-generated contexts
in YAML files, such as INFO_TBLS.yaml and INFO_-
COLUMNS.yaml, proves effective for accelerating in-
formation selection, avoiding repeated inspections
of the schema and adding only minimal overhead
to the process.

5 Conclusion

This work presented a multi-agent Text-to-SQL
architecture with dynamic context windows, com-
bining RAG, decision graphs, and metadata dictio-
naries in YAML/JSON to operate on large-scale cor-
porate databases. By selecting, at query time, only
the necessary tables and columns, the system sig-
nificantly reduced the number of processed tokens
and the cost per query, while simultaneously in-
creasing SQL generation accuracy compared with
the baseline using the full schema. The results of
the case study on three real ERP databases indicate
that hierarchical context selection is not merely an

efficiency optimization, but an important compo-
nent for maintaining answer quality in scenarios
with hundreds of tables and queries in Portuguese.
Thus, the proposed methodology provides a con-
crete foundation for the development of scalable
and economically viable Text-to-SQL solutions in
production environments.

Limitations

Although the results are promising, this study has
important limitations. The evaluation was con-
ducted in a single partner organization using three
Firebird databases and only ten test queries, which
limits generalization to other domains, database
management systems, and usage profiles. However,
the within-subjects design, in which both the base-
line and the proposed method were tested on the
same queries and databases, supports internal va-
lidity by indicating that the observed differences
in accuracy and token consumption are attributable
to the method rather than to query selection bias.
The approach also assumes that table and column
names are at least minimally informative, which
may not hold in highly heterogeneous or incon-
sistent schemas. In addition, the study does not
include LLM fine-tuning or usability evaluations
with end users, so aspects such as user experience,
response time, and integration into daily workflows
remain for future work.

Ethical considerations

The research is conducted in compliance with the
Brazilian LGPD, using only data from a controlled
corporate environment and under confidentiality
agreements with the partner organization. The sys-
tem incorporates guardrail mechanisms to reduce
the risk of leakage of personal and sensitive data
in the prompts sent to the models. Nevertheless,
it is acknowledged that LLMs are subject to bi-
ases and hallucinations; therefore, the SQL queries
generated should not be executed automatically in
production without specialized human validation.
Data and code artifacts derived from this study may
be made available in a restricted manner for aca-
demic purposes, subject to evaluation by the partner
company and the signing of specific confidentiality
agreements.
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