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Abstract—In recent years, large language models (LLMs)
have been increasingly adopted for Text-to-SQL tasks due
to their strong emergent capabilities. However, most exist-
ing studies rely on single-strategy generation paradigms,
which limits their ability to exploit the complementary
strengths of different reasoning strategies, particularly in
complex query scenarios. To address this limitation, this
paper proposes MC-SQL, a Text-to-SQL framework that
integrates multi-agent collaboration with multi—chain-of-
thought generation. It consists of four cooperative agents:
a Translator that alleviates column semantic ambiguity,
a Pruner that compresses the database schema, a Gen-
erator that produces diverse SQL candidates through
three distinct chains of thought, and a Post-processor that
refines SQL based on execution feedback and selects the
final output. By combining multi-strategy reasoning and
agent collaboration, MC-SQL significantly improves the
accuracy and robustness of SQL generation. Experimental
results demonstrate that MC-SQL outperforms most single-
strategy models across multiple benchmark datasets.

Index Terms—Text-to-SQL, LLM Agent, Multi-Chain-
of-Thought, Multi-Agent Collaboration, SQL Generation
Robustness

I. INTRODUCTION

With the rise of data-driven decision making, effi-
ciently extracting information from massive databases
has become a key concern [1]. SQL can quickly retrieve
the required data and is widely used in areas such as
business intelligence [2] and healthcare analysis [3].
However, using SQL requires certain expertise, making
it difficult for non-expert users to obtain the information
they need, thus creating a significant barrier to database
access.

To address the ‘“access barrier between users and
databases,” Text-to-SQL technology has emerged as a
research hotspot. As shown in Figure 1, non-expert
users can input everyday language, such as “What is
the highest eligible free rate for K-12 students in the
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schools in Alameda County?” through a natural language
interface (NLIDB). The system automatically generates
SQL queries and retrieves information from the database,
without requiring users to understand the internal pro-
cessing (e.g., schema mapping, SQL generation, or un-
derlying database operations). In other words, the task
of Text-to-SQL is to establish a mapping from natural
language to SQL, thereby simplifying user access to
databases.

hat iz the highest
elizible free rate for E-12
students in the schools in
Alameda County? SELECT MAX[pm. Percent
(%) Eligible Free (K-127)

FROM frpm JOIN schools
. ON frpm. COSCode =

schools COSCode

WHERE =choals.County =
“Alameda’

Process

Fig. 1. Users obtain SQL queries using Text-to-SQL

In recent years, research on LLM-based Text-to-SQL
techniques has flourished from multiple perspectives.
For example, MAC-SQL [4] improves the generation
accuracy of complex queries through a multi-agent col-
laborative framework, while TA-SQL [5] reduces hallu-
cinations and enhances accuracy by aligning inputs be-
fore generation. Despite their advantages, most existing



Text-to-SQL models rely on a single-strategy generation
mode, often resulting in homogenized problem-solving
and limited robustness for complex queries.

In this paper, we explore Text-to-SQL methods lever-
aging diverse chains of thought. Specifically, we propose
MC-SQL, which generates SQL via three reasoning
chains. While components such as schema pruning, col-
umn enrichment, and execution-based refinement have
been explored in prior work, MC-SQL uniquely com-
bines multi-agent collaboration, parallel multi-chain rea-
soning, and post-selection of SQL candidates to exploit
complementary strengths of different strategies. This
design leads to significantly improved robustness and
SQL generation quality, distinguishing MC-SQL from
previous methods.

« MC-SQL employs multiple agents and three reason-
ing chains that generate multiple SQL candidates
in parallel, followed by a post-processing selection
mechanism to produce the final output. This multi-
strategy approach enhances coverage of complex
queries and improves overall SQL accuracy.

o While AST-based intermediate representations have
been explored in prior Text-to-SQL research, in
MC-SQL the Decoupled Chain operates in parallel
with the Linear and Parallel Chains, serving as
a structural stabilizer that complements the other
chains and enhances multi-strategy reasoning ro-
bustness. The Linear Chain ensures sequential co-
herence, the Parallel Chain handles multi-branch
queries, and the Decoupled Chain focuses on de-
coupling high-level logic from low-level syntax to
reduce errors in complex SQL generation.

The rest of the paper is organized as follows. In
Section 2, we review the development trends of Text-to-
SQL and related work on LLM agents. Section 3 presents
our proposed method in detail. Section 4 provides the
experimental results and comparative analysis. Finally,
we conclude our work in Section 5.

II. RELATED WORK

In this section, we review the related work relevant to
our study, focusing on two main areas. First, we summa-
rize the evolution of Text-to-SQL research, highlighting
key stages, representative methods, and their strengths
and limitations. Second, we discuss the development
of Large Language Model (LLM) agents, emphasizing
their architecture, capabilities, and applications in SQL
generation tasks. These discussions provide the neces-
sary background and motivation for our proposed multi-
strategy LLM agent framework.

A. Text-to-SQL

Research on Text-to-SQL began in the 1990s and
has gone through four main stages: rule-based, neu-
ral network-based, pre-trained model (PLM), and LLM

stages [6]. The rule-based stage relies on semantic
parsers and handcrafted rules. Although highly inter-
pretable, it suffers from high manual cost and limited
generalization [7]. The neural network stage improves
performance by introducing end-to-end generation mod-
els but it still requires large amounts of annotated
data and struggles with complex semantics [8]. The
pre-trained model stage leverages large-scale corpora
to enhance natural language understanding, but lacks
sufficient structural reasoning ability and is sensitive
to database schemas [9]. Recently, researchers turn to
LLMs to exploit their emergent capabilities for perform-
ing complex reasoning tasks [10].

B. LLM Agent

LLM agents are autonomous systems driven by LL.Ms,
capable of understanding natural language instructions,
performing task planning, invoking external tools, and
adjusting themselves based on feedback. Compared with
traditional agents that rely on rules or reinforcement
learning, LLM agents demonstrate superior adaptabil-
ity to environments, reasoning capabilities, and cross-
task generalization [11]. Typical frameworks include
task parsing, planning and reasoning, tool usage, and
self-reflection and correction, enabling them to handle
complex tasks in zero-shot or few-shot scenarios and
achieve continuous improvement over long-term tasks
[12]. LLM agents have been widely applied to web
automation, data analysis, code generation, and Text-
to-SQL tasks, often leveraging multi-agent collaboration
and self-optimization mechanisms to enhance perfor-
mance [13].

Building on this, MAC-SQL introduces a multi-agent
collaboration mechanism, where different LLM agents
work together to generate, verify, and refine SQL queries,
improving the accuracy and robustness of complex
query generation. MAG-SQL [14] further incorporates
soft schema linking and iterative subquery refinement
mechanisms, enhancing the accuracy and robustness of
SQL generation. However, existing Text-to-SQL meth-
ods based on LLM agents mostly rely on a single strat-
egy, overlooking the complementarity between strate-
gies. In this study, we propose a multi-strategy LLM
agent framework that employs three distinct reasoning
chains and achieves significant improvements on bench-
mark datasets.

II1. MC-SQL FRAMEWORK

In Figure 2, we present MC-SQL, a novel multi-
agent collaborative and multi—chain-of-thought Text-
to-SQL framework that employs LLMs as four dis-
tinct agents—Translator, Pruner, Generator, and Post-
processor—to achieve more robust Text-to-SQL parsing.
In particular, the Generator adopts multiple chains of
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Fig. 2. The overview of our MC-SQL framework mainly consists of four components: (I) the Translator, which integrates database columns with
external knowledge to generate column descriptions, reducing column ambiguity; (II) the Pruner, which simplifies complex database schemas into
more concise versions to shorten context length; (III) the Generator, which produces three SQL queries using three reasoning chains combined
with dynamic examples, achieving strategy complementarity; and (IV) the Post-Processor, which refines the SQL based on execution feedback

and selects the final query.

thought to realize strategy complementarity, thereby im-
proving the overall quality of the generated SQL. The
following sections provide a detailed explanation of each
component.

A. Translator

Given an input pair Xyansiaor = (57, K) where the
database subschema S’ = {T”,C’} (T" denotes the
set of tables, C’ denotes the set of columns), and K
represents external knowledge providing supplementary
semantic information for each column, the Translator
agent aims to generate clear, standardized, and seman-
tically complete descriptions for all columns in the
schema. This reduces column-level ambiguity and en-
hances interpretability and accuracy in subsequent SQL
generation.

The operation of the Translator agent can be formal-
ized as

D= flranslator(Svi ‘ Mt)7 (1)

where D denotes the set of generated column descrip-
tions, and finstaor(+ | My) represents the function that
invokes the LLM with a prompt template M;.

The Translator agent is motivated by two factors:
real-world column names often use abbreviations or
inconsistent semantics, which can mislead LLMs if fed
directly; and incorporating external knowledge K allows
generation of unified, structured column descriptions,
improving LLM understanding of database structure and
overall parsing robustness.

B. Pruner

Given an input triplet Xprner = (S’, D, @), where the
database subschema S’ = {T",C’}, D denotes the set
of column descriptions generated by the Translator agent
providing clear and standardized semantic information
for each column, and ) represents the user’s natural
language query, the Pruner agent aims to select the
most relevant tables and columns from the full schema,



producing a pruned subschema S” C S’. This reduces
the reasoning burden for the Generator and enhances the
efficiency and accuracy of subsequent SQL generation.

The operation of the Pruner agent can be formalized
as:

S = fpruner(Sla Da Q | Mp); 2)

where S” denotes the pruned subschema, M, is the
prompt template for the Pruner, and foruner(- | Mp)
represents the LLM-based function that decides which
tables and columns should be retained by analyzing
column descriptions and query intent.

The Pruner agent is motivated by two factors: real-
world schemas often have many tables and columns,
which can overload the LLM and introduce redundancy;
and using the Translator’s standardized column descrip-
tions, the Pruner accurately selects relevant tables and
columns, reducing the search space while preserving
semantics, thus improving SQL generation efficiency and
accuracy.

C. Generator

Given an input triple Xgenerator = (S, D, @), where
S” denotes the pruner output of the database subschema,
D represents the set of column descriptions generated
by the Translator, and () is the natural language query,
the Generator agent aims to produce accurate and ex-
ecutable SQL statements based on the schema, column
descriptions, and query semantics. The Generator maps
the input to outputs O; for each reasoning chain:

Oi = fgeneralor(S//7D7Q ‘ Mqi)a 1=1,2,3 3

where O; denotes the SQL generated by the i-th reason-
ing chain, and M, represents the corresponding prompt
template for that chain. In this manner, the Generator
can produce multiple SQL candidates for the same input,
with each chain independently generating SQL from the
input.

The Generator agent aims to produce accurate and
executable SQL statements based on the pruned schema,
column descriptions, and query semantics. Importantly,
MC-SQL leverages three reasoning chains that operate
in parallel, generating multiple SQL candidates for each
input, which are later evaluated and selected by the Post-
processor. This design ensures multi-strategy coverage
and complementarity, going beyond single-strategy or
linear generation approaches.

The current framework employs three reasoning chain
strategies (as illustrated in Figure 2):

o Linear Chain: The reasoning and SQL generation
proceed sequentially, where each step depends on
the previous step’s output, ensuring a clear logical
order.

o Parallel Chain: The input query is initially de-
composed into several independent sub-questions,

each generating its corresponding sub-SQL inde-
pendently. The final SQL is obtained by merging
all sub-SQL statements, suitable for multi-branch
queries.

o Decoupled Chain: SQL generation is divided into
two steps, as illustrated in Figure 3. In the first
step, the query is distilled into a high-level AST
(Abstract Syntax Tree) intermediate language (IL)
to construct a logical skeleton, separating logical
reasoning from concrete implementation. This ap-
proach forces the LLM to commit to the logical
structure before generating specific SQL dialect to-
kens. In the second step, the final SQL is produced
by combining the query and the AST, decoupling
syntax generation from logical reasoning. This strat-
egy reduces task complexity and allows the LLM
to focus separately on logic and syntax.
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Fig. 3. The representation of the AST intermediate form: (a) illustrates
the generic structure of an abstract syntax tree, while (b) presents the
AST intermediate form instantiated from a specific example query.

D. Post-processor

The Post-processor agent aims to perform semantic
validation, execution feedback correction, and multi-
metric selection on the candidate SQL statements pro-
duced by the Generator, ensuring that the final SQL
output satisfies logical, syntactic, and execution-level
requirements, while achieving a trade-off optimality in
terms of readability, execution efficiency, and maintain-
ability.

Given the set of candidate SQL statements produced
by the Generator: O = {O;1,0a,...,0,,}, the Post-
processor first performs execution feedback correction.
Each SQL statement is executed on the target database,
and feedback is collected regarding syntax errors, exe-
cution time, and data quality. If a SQL statement fails
to execute correctly or produces unexpected results,
the feedback is combined with the original SQL and
fed into the LLM to generate a corrected version that
ensures syntactic correctness, logical consistency, and
accurate query results. This allows the LLM to repair
both syntactic and logical errors, while optimizing SQL



structure when necessary to improve execution efficiency
and data quality.

After feedback correction, the Post-processor per-
forms multi-metric evaluation and selection based on
a set of rules and LLM-driven semantic verification
mechanisms. This process can be formalized as:

O = fpost(07 S, | Mpost)a (4)

where O denotes the final SQL output, S’ is the database
subschema, M, is the post-processing prompt tem-
plate, and fpost(') represents the Post-processor function
that invokes the LLM for correction and multi-metric
selection.

The Post-processor assesses SQL statements on Cor-
rectness, Efficiency, and Readability. Correctness en-
sures executability and logical validity; Efficiency favors
simpler, faster queries; Readability promotes concise,
maintainable SQL. By leveraging execution feedback
and multi-metric evaluation, it corrects errors from the
Generator and enhances logical consistency, robustness,
and overall SQL quality in complex database scenarios.

IV. EXPERIMENT
A. Experimental Setup

I)Datasets: This study primarily evaluates and an-
alyzes model performance on the Spider and BIRD
datasets. Spider is a large-scale, cross-domain Text-to-
SQL dataset [15], consisting of natural language ques-
tions paired with manually annotated SQL queries, cov-
ering over 200 databases. It emphasizes complex query
generation and cross-domain generalization, including
nested queries, JOINs, aggregations, and multi-table op-
erations. BIRD is another large-scale [16], cross-domain
benchmark, containing 12,751 natural language-SQL
pairs across 95 large databases and 37 domains, totaling
33.4 GB. It requires models to generate semantically
correct, executable, and efficient SQL queries in real-
world database environments, challenging their ability
to understand database schemas and handle noisy or
inconsistent data.

2)Baselines: We evaluated our method on the BIRD
and SPIDER datasets and compared it with several base-
lines: DeepSeek [17] leverages a reinforcement reason-
ing framework for efficient execution-driven SQL gener-
ation; DIN-SQL [18] decomposes the reasoning process
into controllable sub-steps and uses self-correction to
optimize complex queries; C3 [19] directly generates
SQL using ChatGPT’s zero-shot capability; DAIL-SQL
[20] enhances accuracy and robustness in a dynamic
few-shot setting through reinforcement learning; MAC-
SQL employs a multi-agent collaborative framework to
decompose tasks and improve SQL generation accuracy
and efficiency; MAG-SQL combines soft schema linking
with iterative sub-SQL refinement to enhance accuracy

and consistency; and PURPLE [21] optimizes LLM SQL
generation via reward mechanisms and reinforcement
learning, thereby improving query accuracy and stability.

TABLE 1
EXECUTION ACCURACY (EX) ON SPIDER (DEV, TEST)

Method Dev Test
C3 + ChatGPT 81.80 82.30
MAC-SQL + GPT4 86.75 82.80
DIN-SQL + GPT-4 82.80 85.30
MAG-SQL+GPT-4 85.30 85.60
DAIL-SQL + GPT-4 84.40 86.60
PURPLE + GPT-40 87.80 -

MC-SQL + GPT-4 87.20 85.80
MC-SQL + GPT-4o 87.50  86.20
MC-SQL + DeepSeek-R1  88.20  87.10

TABLE II
EXECUTION ACCURACY (EX) ON BIRD (DEV)

Method Dev
DeepSeek 56.13
MAC-SQL + GPT-4 57.56
DIN-SQL + GPT-4 50.72
MAG-SQL+GPT-4 57.62
DAIL-SQL + GPT-4 54.76
PURPLE + GPT-40 62.97
MC-SQL + GPT-4 59.85
MC-SQL + GPT-4o 64.12
MC-SQL + DeepSeek-R1  66.43

B. Overall Performance

Across both Spider and BIRD benchmarks, MC-
SQL demonstrates strong and consistent performance
gains. On Spider, it reaches 88.20%/87.10% (Dev/Test)
with DeepSeek-R1, outperforming prior multi-agent
and decomposition-based methods such as MAC-SQL,
MAG-SQL, and DAIL-SQL, and even slightly surpass-
ing strong proprietary baselines like PURPLE + GPT-
40. On the more challenging BIRD benchmark, MC-
SQL further shows its advantage by achieving 66.43% on
the Dev set with DeepSeek-R1, significantly exceeding
existing approaches and maintaining competitive per-
formance even with weaker backbones (e.g., 64.12%
with GPT-40). Overall, these results indicate that the
performance improvements are not solely dependent
on stronger base models, but are largely attributed to
the MC-SQL framework itself—particularly its multi-
candidate reasoning and selection mechanism—which
enhances robustness, generalization, and scalability in
complex, real-world text-to-SQL tasks.



TABLE III
ABLATION STUDY OF MC-SQL ON BIRD DEV DATASET

Method Simple  Moderate Challenging All
MC-SQL 72.11 59.78 51.39 66.43
w/o Translator 69.84 56.99 48.61 63.95
w/o Pruner 68.97 55.70 48.61 63.04
w/o Generator 68.32 53.55 45.83 61.73
w/o Post-processor 68.32 55.48 47.92 62.52
TABLE IV
COMPARISON OF INDIVIDUAL COT METHODS ON BIRD DEV
DATASET
Method Simple  Moderate  Challenging All
MC-SQL 72.11 59.78 51.39 66.43
Linear CoT 68.65 55.27 51.39 62.97
Parallel CoT 69.51 55.91 50.00 63.65
Decoupled CoT 68.32 53.55 45.83 61.73

C. Ablation Study

The ablation results in Table 3 indicate that each
module contributes substantially to the overall perfor-
mance, with the Generator module playing the most
critical role. The results in Table 4 further confirm
the strategy complementarity, showing that combining
multi-agent collaboration with multiple reasoning chains
significantly enhances SQL generation quality. Overall,
the experiments clearly demonstrate that MC-SQL con-
sistently outperforms both the ablated variants and the
single-chain CoT methods across all query difficulty
levels, exhibiting higher accuracy, stronger robustness,
and better generalization capability.

V. CONCLUSION

In this paper, we propose MC-SQL, a multi-agent
collaborative and multi-reasoning-chain framework for
the Text-to-SQL task, which improves the accuracy
and robustness of complex SQL generation through
strategy complementarity and agent collaboration. MC-
SQL decomposes the SQL generation task into multiple
subtasks, handled collaboratively by modules such as
Translator, Pruner, Generator, and Post-processor, and
generates and refines SQL through multiple reasoning
chains, effectively reducing errors and enhancing ex-
ecution accuracy. Experiments on benchmark datasets
including Bird and Spider demonstrate that MC-SQL
achieves outstanding performance, with overall exe-
cution accuracy significantly surpassing most existing
methods. Ablation studies further validate the comple-
mentarity of its modules and strategies. Future work
can explore more dynamic module collaboration and
reasoning chain designs, as well as adaptability across
different language environments.
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