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ABSTRACT

The Text-to-SQL task enables non-expert users to query structured
data through natural language. While recent methods based on
closed-source large language models (LLMs) achieve strong perfor-
mance, their high inference cost, data privacy concerns, and limited
transparency hinder real-world deployment. Open-source LLMs
are a promising alternative; however, training them for Text-to-SQL
remains challenging due to scarce task-specific annotations and
the difficulty of learning reliable grounding and reasoning solely
from sparse end-to-end supervision. To address these challenges,
we present OpenSQL, a data-efficient framework that improves Text-
to-SQL performance of open-source LLMs via synthesized interme-
diate supervision. OpenSQL converts limited (Question, SQL) pairs
into rich, task-decomposed training signals that guide the model
to learn critical intermediate decisions. Concretely, (1) we train a
global–local schema linking module with schema-aware learning
to identify and refine relevant tables and columns; (2) we introduce
reasoning-enhanced SQL generation, which produces diverse can-
didates along complementary reasoning paths and selects the best
one through stepwise clause-level and semantic-level reasoning;
and (3) we design a task-aware data augmentation pipeline that
provides the intermediate supervision signals to support the en-
tire training process. With the same 32B LLM backbone, OpenSQL
achieves 70.0% accuracy on Bird-dev using only 14𝐾 training sam-
ples, outperforming the advanced open-source Text-to-SQL model,
OmniSQL, which uses 2.5𝑀 training samples.
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1 INTRODUCTION

The Text-to-SQL task translates natural language questions into
executable SQL queries over a given database, enabling non-expert
users to access and analyze structured data [43, 65, 94]. Recent ad-
vances in large languagemodels (LLMs) have significantly improved
performance on this task. Existing methods can be broadly catego-
rized into two types: methods based on closed-source LLMs [5, 16,
50] and those leveraging open-source models [30, 32, 52, 55].

Text-to-SQL with Closed-Source LLMs. Recent methods, e.g.,
CHASE-SQL [50], have shown strong performance on widely used
benchmarks like Bird [37] by prompting closed-source LLMs (e.g.,
Gemini [18], GPT-4o [48]). While effective in academic settings,
these approaches face practical limitations in real-world deploy-
ment [31]. First, encoding large database schemas into few-shot
prompts incurs substantial costs on commercial LLM services. For
instance, CHASE-SQL [50] achieves state-of-the-art accuracy but
relies on closed-source LLMs such as Gemini-1.5-pro, which has
over 200B parameters. CHASE-SQL costs around $0.6 per question,
making it prohibitive at an enterprise scale. Second, many produc-
tion databases involve proprietary or sensitive information (e.g.,
business logic), making it infeasible to send schemas or questions
to external APIs due to privacy and compliance concerns.

Text-to-SQL with Open-Source LLMs. Alternatively, Text-to-
SQL solutions using open-source LLMs (e.g., Llama3 [12]) offer
advantages such as cost-efficiency, deployment flexibility, and data
privacy [43, 78]. With rapid progress in their language understand-
ing and code generation capabilities [68, 93], they present a promis-
ing alternative to closed-source LLMs for the Text-to-SQL task [35].

However, making small and affordable open-source LLMs truly
competitive with large closed-source LLMs for Text-to-SQL tasks
remains challenging. First, compared with frontier closed-source
LLMs, smaller open-source LLMs have fewer parameters andweaker
instruction-following ability, which restricts their capability to rea-
son over complex database schemas and long contexts [31, 43]. As a
result, they often fail at crucial sub-skills such as schema linking and
handling compositional SQL structures. Second, public Text-to-SQL
datasets are limited in both size and complexity [35]. Even when we
have end-to-end (Question, SQL) pairs, directly fitting the final SQL
may suffer from sparse and delayed supervision. A small model
can easily overfit surface patterns and still fail to robustly learn (i)
schema alignment/grounding decisions and (ii) the reasoning be-
haviors needed to search and select among multiple SQL candidates.
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Table 1: Comparison with SOTA Text-to-SQL methods.

Method Paradigm Inference Strategy Training Data Overall Cost (Training + Inference)

CHESS [67] Retrieval + Prompting Execute + Revise No need for training High

CHASE [50] Agentic Prompting Pipeline Multi-Prompt + Round-Robin Vote Low Very High

OmniSQL [33] End-to-end Data Synthesis + SFT CoT-based Generation High (2.5 Million) Medium

OpenSQL

Training with Intermediate Supervision

+ Test-time Compute

Syntax-Controlled Generation +

Stepwise Selection

Low:

14K (Question, SQL) pairs

Low

Our Methodology. To address the above challenges, we propose
OpenSQL, a data-efficient framework that enhances open-source
LLMs for Text-to-SQL with schema-aware learning and reasoning-
enhanced SQL generation, while improving training effectiveness
through synthesized intermediate supervision. The key idea of
OpenSQL is to decompose Text-to-SQL into well-defined stages with
learnable objectives and to transform limited end-to-end training
data into rich, task-aware intermediate supervision that explicitly
guides the model in making critical intermediate decisions.

To realize this idea, OpenSQL integrates three components. First,
schema linking is crucial for grounding a question to the database
schema, but open-source LLMs often suffer from low recall and over-
look critical schema elements, resulting in missed schema elements.
To address this, OpenSQL explicitly trains a global-local schema link-
ing module through schema-aware learning. Given a question and a
database schema, the global linker identifies a set of relevant tables
and associated columns, while the local linker refines this selection
by examining unselected columns within the chosen tables. This
coarse-to-fine process ensures precise alignment of schema seman-
tics and reduces the likelihood of overlooking critical elements.

Second, open-source LLMs often struggle with complex SQL gen-
eration. To address this, OpenSQL employs a reasoning-enhanced
SQL generation framework inspired by test-time scaling. During
decoding, OpenSQL generates diverse SQL candidates via comple-
mentary syntax-guided reasoning paths, enabling a single model
to explore multiple problem-solving perspectives. The generated
candidates are evaluated by a specialized SQL selector model with
stepwise reasoning, which performs clause-level and semantic-level
comparisons to identify the best SQL.

Third, to address the data scarcity challenge, we propose a data
augmentation pipeline designed for data efficiency through in-
termediate supervision. Specifically, OpenSQL synthesizes tailored
training targets for each specialized module, including precision-
oriented labels for schema linking, syntax-guided reasoning paths,
and stepwise rationales for SQL selection. This strategy transforms
limited end-to-end annotations into rich, fine-grained supervision
signals, making OpenSQL a self-sufficient and data-efficient frame-
work that maximizes the utility of available training resources.

As summarized in Table 1, OpenSQL embodies a distinctive para-
digm in Text-to-SQL. Unlike prompting-based frameworks such as
CHESS [67] and CHASE-SQL [50], which depend on the expensive
reasoning capability of strong proprietary LLMs, OpenSQL internal-
izes these capabilities directly into open-source LLMs through the
co-design of task decomposition and learning schemes, creating a
self-contained system. Furthermore, distinct from synthesis-based
methods like OmniSQL [33] that rely on millions of end-to-end syn-
thesized (Question, SQL) pairs, OpenSQL focuses on intermediate

supervision. By synthesizing fine-grained signals for specific sub-
tasks, OpenSQL shifts the training objective from learning output
mappings to mastering the underlying reasoning process, thereby
achieving better performance with orders of magnitude less data.

Contributions. This paper makes the following contributions:

(1) Data-Efficient Training Pipeline with Synthesized Inter-

mediate Supervision. We systematically decompose the Text-to-
SQL task intomultiple learnable objectives and design tailored learn-
ing strategies to internalize specialized capabilities for each sub-task.
To support training open-source LLMs, we design a task-aware data
augmentation pipeline, which synthesizes intermediate supervision
signals to provide targeted guidance for each sub-module.

(2) OpenSQL Inference Framework with Test-Time Computing.

We propose a cohesive inference framework for Text-to-SQL that
unifies (i) global-local schema linking to ensure high-recall schema
grounding via two-stage retrieval, and (ii) reasoning-enhanced SQL
generation to tackle logical complexity via a test-time compute
strategy that combines syntax-guided candidate expansion with
stepwise reasoning selection to identify the most accurate SQL.

(3) Extensive Experiments. We have conducted extensive experi-
ments across five LLMs and seven datasets. OpenSQL shows strong
and robust performance. On Bird-dev dataset, OpenSQL achieves
70.0% execution accuracy with a 32B base LLM, outperforming the
state-of-the-art data synthesis-based model (OmniSQL) and closely
approaching CHASE-SQL at 74.5%, which relies on the proprietary
Gemini-1.5-Pro LLM with over 200B parameters.

2 RELATEDWORK

Text-to-SQL with Closed-Source LLMs. Current Text-to-SQL
studies primarily leverage proprietary LLMs via advanced prompt-
ing and pipeline engineering. Key strategies include decompos-
ing complex queries [51, 56, 88], optimizing few-shot example re-
trieval [15, 38, 44, 59] and employing multi-stage frameworks [3, 13,
16, 27, 31, 69, 79, 80]. These methods leverage the large parameter
scale and strong in-context learning abilities of closed-source LLMs
for Text-to-SQL, but they are limited by high overhead and privacy
concerns.

Text-to-SQL with Open-Source Models. In the pre-LLM era,
prevailing Text-to-SQL methods [4, 14, 21, 34, 36, 54, 62, 70] relied
on fine-tuning pretrained models as specialized modules to enhance
schema understanding and logical reasoning. In contrast, recent
works [19, 35, 42, 45, 52, 53, 87] design training strategies to improve
the performance of open-source LLMs in an end-to-end manner.
Compared to these methods, OpenSQL features the coordination of
fine-grained task decomposition and data synthesis.
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Figure 1: The OpenSQL framework: Given a user question, OpenSQL prunes the schema to reduce problem complexity, explores

different reasoning paths to generate SQL candidates, and selects the most appropriate SQL through stepwise reasoning.

LLM Test-time Computing. Several studies [2, 64] have shown
that LLMs enhance reasoning capabilities by increasing the test-
time compute. A line of work focuses on aggregating diverse rea-
soning paths [29, 40, 75, 83]. Another paradigm is forcing LLMs to
generate thought tokens before they output the result [9, 20, 22, 24,
47, 61, 76, 86]. Our reasoning-enhanced SQL generation framework
combines both multiple reasoning paths and thought tokens to
achieve controllable test-time computation for Text-to-SQL.

Entity Linking and SchemaMatching. Foundational techniques
in Entity Linking and Schema Matching are critical for grounding
natural language questions to schemas. Classic entity linking stud-
ies focus on disambiguatingmentions to knowledge base entities via
type systems [58] or dense retrieval [77, 81], while schema match-
ing works leverage deep learning to align heterogeneous schema
attributes [6, 10, 39, 46, 63]. These concepts and methods underpin
the schema linking technique in Text-to-SQL [5, 34, 41, 70, 85].

Data Agents. There are numerous studies on agentic data systems
that analyze heterogeneous data, including unstructured, semi-
structured, and structured data [71–73, 92]. These systems convert
text queries into execution plans composed of relational and se-
mantic operators, which are then optimized and executed [66, 95].

3 OPENSQL OVERVIEW

We introduce OpenSQL, a data-efficient framework designed to im-
prove the Text-to-SQL performance of open-source LLMs. As shown
in Figure 1, OpenSQL enhances both training and inference phases
through schema-aware learning, reasoning-enhanced SQL genera-
tion, and task-aware data augmentation.

3.1 Online Inference Phase

Given a natural language question and a database schemaD, OpenSQL
performs the following steps during the inference phase.

Global–Local Schema Linking. To reduce reasoning complexity,
OpenSQL first prunes the full database schema D into a question-
relevant sub-schema using a global–local schema linking module,
as shown in Figure 1- 1 . The global linker selects coarse-grained
relevant tables and columns, while the local linker refines this
selection at column-level granularity. This strategy improves the
recall for downstream SQL generation.

Diversified SQLCandidateGeneration.Using the pruned schema
and the natural language question, OpenSQL generates a set of di-
verse SQL candidates by exploring multiple reasoning paths (i.e.,
CTE, nested subqueries and normal JOIN), as shown in Figure 1- 2 .
This step expands the search space by exploring different syntactic
and semantic variations of SQL queries. This diversity improves
the likelihood that the correct SQL query is included among the
candidates, which is crucial for effective downstream selection.

Tournament-style SQL Selection with Stepwise Reasoning.

As shown in Figure 1- 3 , the generated SQL candidates are then
evaluated by a lightweight SQL selector that performs pairwise com-
parisons guided by stepwise reasoning. For each pair of SQL queries,
the selector executes a step-by-step clause-level and semantic-level
comparison. To enhance efficiency, a tournament-style selection
strategy is employed: in each round, one candidate is eliminated
based on the reasoning comparison, and the process continues until
the most appropriate SQL query is selected as the final output.

3.2 Offline Training Phase

As shown in Figure 1- 4 , OpenSQL improves the performance of
open-source LLMs via three complementary training stages, each
addressing a key aspect of Text-to-SQL: schema-aware training,
diversified SQL generation, and fine-grained SQL selection.
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Schema-Aware Training. To enhance the model’s understanding
of database structures, OpenSQL explicitly trains the global–local
schema linker. The global linker is optimized through supervised
fine-tuning and preference learning (e.g., DPO [57]) to select rele-
vant tables, while the local linker is trained as a binary classifier to
align question spans with specific columns. This structured super-
vision improves recall in schema element selection while keeping
high precision, and stands as a prerequisite for SQL generation.

Training Reasoning-Enhanced SQL Generation Framework.

To enable robust inference-time reasoning, OpenSQL trains twomod-
ules as part of the reasoning-enhanced SQL generation framework:
the diversified SQL generator and the stepwise SQL selector.

First, OpenSQL trains the diversified SQL generator to explore
multiple reasoning paths, thereby expanding the search space and
increasing the likelihood of generating the correct SQL query. This
is achieved by introducing special control tokens and training on
SQL queries that conform to specific syntactic structures.

Second, OpenSQL trains the SQL selector to choose the best query
from the top-𝑘 SQL candidates. The training includes pairwise
comparisons of SQL queries, with the selector performing clause-
level and semantic-level analysis to identify themost accurate query.
The selector is trained using synthetic data with stepwise reasoning
paths, which guide the model to analyze the question and the SQL
queries, comparing them on structural and semantic differences.

3.3 Task-Aware Data Augmentation

To alleviate the scarcity of high-quality annotated data, OpenSQL
adopts a unified synthetic data generation pipeline that supports all
learning components. Specifically, we generate four categories of
training data for: global schema linking, local schema linking, SQL
candidate generation, and fine-grained SQL selection modules. This
comprehensive supervision maximizes the utility of training data.

4 GLOBAL-LOCAL SCHEMA LINKING

In this section, we first present the design of our global-local schema
linking module (Section 4.1), followed by a detailed explanation of
our schema-aware training framework (Section 4.2).

4.1 Global-Local Schema Linking Overview

Schema linking is an essential component in Text-to-SQL solutions,
bridging natural language questions with the database schema.
However, existing schema linking approaches face challenges in
achieving a balance between precision and recall. A common issue
is that overly strict schema pruning (i.e., selecting only the most
relevant tables and columns) can lead to information loss, where
important schema components are overlooked, resulting in inaccu-
rate SQL generation. On the other hand, when the entire schema is
inputted, it causes inefficiencies in large databases, especially when
using open-source models that struggle with longer inputs.

To address these challenges, we propose Global-Local Schema
Linking, a two-stage strategy that performs schema selection at both
the global (i.e., selecting tables and columns) and local (i.e., focusing
on unselected columns within the already-chosen tables) levels.
This approach enables efficient schema pruning while ensuring the
necessary schema components are retained for SQL generation.

Algorithm 1: Global-Local Schema Linking
Input: Global schema linker𝑀𝑔𝑙𝑜𝑏𝑎𝑙 , local schema linker𝑀𝑙𝑜𝑐𝑎𝑙 ,

database schema S, natural language question 𝑞.
Output: Pruned database schema S𝑝𝑟𝑢𝑛𝑒𝑑 .

1 S𝑐𝑜𝑎𝑟𝑠𝑒 ← 𝑀𝑔𝑙𝑜𝑏𝑎𝑙 (S, 𝑞) // Global schema linking
2 S𝑝𝑟𝑢𝑛𝑒𝑑 ← S𝑐𝑜𝑎𝑟𝑠𝑒
// For each table chosen by global schema linking

3 foreach table𝑇 ∈ S𝑐𝑜𝑎𝑟𝑠𝑒
// For each column in𝑇 not included in S𝑐𝑜𝑎𝑟𝑠𝑒

4 C𝑢𝑛𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 ← GetUnselctedColumns(S𝑐𝑜𝑎𝑟𝑠𝑒 ,𝑇 )
5 foreach column 𝑐 ∈ C𝑢𝑛𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 // Local schema linking
6 if 𝑀𝑙𝑜𝑐𝑎𝑙 (𝑐, 𝑞) == True
7 S𝑝𝑟𝑢𝑛𝑒𝑑 ← S𝑝𝑟𝑢𝑛𝑒𝑑 ∪ {𝑐 }

8 return S𝑝𝑟𝑢𝑛𝑒𝑑

Global Schema Linker. The global schema linking model 𝑀𝑔𝑙𝑜𝑏𝑎𝑙
is a high-capacity model trained to perform a coarse-grained se-
lection of tables and columns from the full database schema. In
particular,𝑀𝑔𝑙𝑜𝑏𝑎𝑙 is responsible for identifying all tables necessary
for constructing JOIN clauses in cases where multi-table queries
are needed. However, since𝑀𝑔𝑙𝑜𝑏𝑎𝑙 focuses on high-level table se-
lection to form abstract entities capable of answering the question,
it often overlooks subtle cues in the question that indicate the need
for specific columns. Therefore, a column-level complement for
schema linking is required.

Local Schema Linker. The local schema linking model𝑀𝑙𝑜𝑐𝑎𝑙 aims
to capture connections between the user question and individual
columns. Specifically, 𝑀𝑙𝑜𝑐𝑎𝑙 acts as a binary classifier: Given a
question and a column description,𝑀𝑙𝑜𝑐𝑎𝑙 attends to subtle cues in
the question and determines whether the given column is relevant
to answer it. Since 𝑀𝑙𝑜𝑐𝑎𝑙 needs to evaluate multiple columns for
each question, we configure it as a low-cost small language model.

Global-Local Schema Linking Strategy. Algorithm 1 illustrates
our global-local schema linking strategy. Given the question and the
full database schema, we first use𝑀𝑔𝑙𝑜𝑏𝑎𝑙 to perform coarse-grained
global schema linking (Line 1) to preliminarily select needed tables
and columns. After that, within the scope of the tables selected
by 𝑀𝑔𝑙𝑜𝑏𝑎𝑙 (Line 3), 𝑀𝑙𝑜𝑐𝑎𝑙 performs local schema linking, where
𝑀𝑙𝑜𝑐𝑎𝑙 further examines unselected columns (Line 5) to determine
their relevance to the user question (Line 6), and adds relevant
columns to the predicted sub-schema (Line 7). Our Global-Local
Schema Linking strategy addresses a challenge in schema linking by
balancing precision and recall in selecting schema components. It
ensures the detailed question semantics match the relevant columns
while selecting the sub-schema structure, thereby reducing errors
caused by schema linking and enhancing the end-to-end accuracy.

4.2 Schema-Aware Learning

As discussed in Section 4.1, schema linking faces the challenge of
improving recall while minimizing precision loss, particularly with
complex large databases. To address this, we introduce schema-
aware learning, a joint strategy that optimizes both global-level
and local-level schema selection. First, we design schema-aware
supervised fine-tuning for both global and local schema linking.
This trains the model to predict relevant schema components using
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labeled data, ensuring accurate mappings between natural language
questions and database elements. Next, schema-aware preference
learning is applied to train the global linker. This method refines its
selection by incorporating preference signals, helping the model
favor the sub-schema that contains sufficient database elements to
answer the question. Together, these two approaches effectively
enhance recall while maintaining high precision.

Schema-Aware Supervised Fine-tuning. Given a natural lan-
guage question 𝑞 ∈ Q (Q is the set of all valid user questions) and
full database schema D, we first perform supervised fine-tuning to
train the global linker𝑀𝑔𝑙𝑜𝑏𝑎𝑙 to predict the required sub-schema.
We denote this process as learning a mapping function:

𝑀𝑔𝑙𝑜𝑏𝑎𝑙 : Q × D → P(D), where𝑀𝑔𝑙𝑜𝑏𝑎𝑙 (𝑞,D) =D∗ (1)

where P(D) is the powerset of D, and D∗ is a subset of D con-
taining the exact the tables and columns needed to answer 𝑞.

In addition to 𝑀𝑔𝑙𝑜𝑏𝑎𝑙 , we train 𝑀𝑙𝑜𝑐𝑎𝑙 with supervised fine-
tuning to capture the subtle relationship between natural language
questions and individual columns. We denote this process as learn-
ing a mapping function:

𝑀𝑙𝑜𝑐𝑎𝑙 : Q × C → {0, 1} (2)

where C is the set of columns in databases. Each column in C is
represented by its description, and exemplar values.𝑀𝑙𝑜𝑐𝑎𝑙 returns
1 if the column is relevant to the user’s question, and 0 otherwise.

Schema-Aware Preference Learning.After supervised fine-tuning,
𝑀𝑔𝑙𝑜𝑏𝑎𝑙 is capable of predicting the required sub-schema to answer
the question. However, limited model capacity often results in the
model overlooking tables and columns during the schema linking
stage. Inspired by [49], which fine-tunes LLMs to avoid undesired
behaviors via preference learning, we adopt preference learning to
the global schema linking model 𝑀𝑔𝑙𝑜𝑏𝑎𝑙 to instill in the model a
bias that any missing selection is unacceptable. Specifically, when
the model is uncertain about whether to select a database element
(a table or a column), it should favor retaining the element rather
than discarding it, thereby ensuring higher recall and minimizing
the risk of excluding relevant database elements.

Given a question 𝑞 and two schema subsets D+ (preferred) and
D− (not preferred), where D+ includes all necessary database
elements and D− omits one or more relevant elements, we use
direct preference optimization [57] to further enhance the global
linker to favorD+ overD− , by maxmizing the following objective:

E

[︃
log𝜎

(︃
𝛽 log

𝑝𝜃 (D+ | 𝑞,D)
𝑝ref (D+ | 𝑞,D)

− 𝛽 log 𝑝𝜃 (D− | 𝑞,D)
𝑝ref (D− | 𝑞,D)

)︃]︃
(3)

where 𝜃 is the parameter set of the global linker, 𝛽 is a hyperparame-
ter. 𝑝𝜃 (D+ | 𝑞,D) and 𝑝𝜃 (D− | 𝑞,D) are the probabilities assigned
by the global linker to the schema subsetsD+ andD− , conditioned
on the question 𝑞 and full schema D. And 𝑝𝑟𝑒 𝑓 represents the cor-
responding probabilities assigned by a fixed reference global linker
that has been trained using only supervised fine-tuning. With this
additional preference learning process, 𝑀𝑔𝑙𝑜𝑏𝑎𝑙 is encouraged to
retain uncertain database elements, enhancing the robustness of
our global-local schema linking module.

Question: How many action games are there in total?

CTE : Progressive reasoning through WITH...AS

WITH action_genre AS
(SELECT id FROM genre WHERE g_name='Action')
SELECT COUNT(T1.id) FROM game AS T1
JOIN action_genre AS T2 ON T1.genre_id = T2.id;

Subq : Hierarchical reasoning through subquery

SELECT COUNT(id) FROM game WHERE genre_id IN
(SELECT id FROM genre WHERE g_name = 'Action');

Normal : Direct reasoning through JOIN

SELECT COUNT(T1.id) FROM game AS T1 JOIN genre AS T2
ON T1.genre_id = T2.id WHERE T2.g_name = 'Action';

Figure 2: Example of multiple reasoning paths.

5 REASONING-ENHANCED SQL GENERATION

In this section, we will first outline our reasoning-enhanced SQL
generation framework (Section 5.1). Then, we detail its two com-
ponents: diversified SQL candidate generation (Section 5.2) and
tournament-style SQL selectionwith stepwise reasoning (Section 5.3).

5.1 Overall SQL Generation Framework

Open-source LLMs struggle with accurate Text-to-SQL reasoning
over complex databases due to the small parameter size and limited
instruction-following ability. From preliminary experiments, we
observed a notable improvement in pass@𝑘 Text-to-SQL accuracy
over pass@1 accuracy, suggesting that open-source LLMs actually
possess the capability to generate correct queries and can benefit
from multiple decoding attempts in complex Text-to-SQL tasks.

Motivated by this, we propose a general two-stage inference
framework to enhance the reasoning capabilities of open-source
models in Text-to-SQL. In the first stage (Expansion), the model
generates multiple SQL candidates for the question. The goal of
this stage is to expand the search space, ensuring that the correct
SQL query is included among the generated candidates. In the sec-
ond stage (Convergence), the model performs a careful selection
process to choose the best SQL from the candidates, which will be
chosen as the final answer. In this framework, models only focus on
covering the correct SQL in the Expansion phase and selecting the
best SQL in the Convergence phase. As a result, the Text-to-SQL
system can bypass steps such as SQL fixing [7] or refinement [5].

5.2 Diversified SQL Candidate Generation

Although open-source LLMs are capable of generating correct SQL
queries, they often fail to produce the correct result in a single
attempt. Therefore, we prioritize covering the correct SQL with
multiple SQL candidates. To this end, we introduce a diversified
SQL generator that produces multiple candidate queries through
complementary reasoning paths, where a reasoning path repre-
sents a specific strategy for translating natural language into SQL.
Specifically, we design three such reasoning paths, each based on
a different SQL syntactic structure. During decoding, the model
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follows each path to generate candidate queries, then all generated
candidates are jointly collected for downstream selection.

SQL Syntax-based Reasoning Paths.A question can be answered
by multiple SQL queries that follow different reasoning paths. Mo-
tivated by this, we propose to generate SQL candidates via distinct
reasoning paths so that the generated queries complement each
other and collectively increase the likelihood of producing the cor-
rect SQL. We categorize three reasoning paths based on SQL syntax,
where the main distinction lies in howmultiple tables are connected
and intermediate results are organized to answer the question:

• Common Table Expression (CTE).Queries in this category em-
ploy the WITH...AS syntax. They represent a reasoning process
in which the final solutions are progressively derived through
consecutive intermediate results.

• Subquery. Queries in this category employ nested subquery.
They represent a reasoning process that embeds auxiliary queries
within a main query to filter, aggregate, or compute intermediate
results before getting the answer.

• Normal. Queries in this category do not involve CTE or nested
subqueries. They mainly consist of single-table queries or multi-
table queries using JOIN, representing a direct approach that
solves the problem with basic SQL constructs.

In essence, these three reasoning paths represent high-level strate-
gies for problem-solving, while the SQL syntax (CTE, Subquery,
and Normal forms) serves as the concrete classification criteria. To-
gether, these three reasoning paths capture complementary strate-
gies for generating SQL and can provide clear guidance for directing
the model to produce diverse SQL candidates.

Diversified SQL Generator. With our reasoning path definitions,
we trained an SQL generator to produce multiple SQL queries along
different reasoning paths at inference time. We achieved this by in-
troducing three special control tokens: CTE , Subq , Normal , where
each control token is associated with a specific reasoning path, as
shown in Figure 2. These control tokens serve as instructions for
the SQL generation model. During SQL generation, these control
tokens are appended to the input prompt. The control token guides
the model to follow the corresponding reasoning path and gener-
ates SQL queries that conform to the associated structure. Each
decoding process for SQL candidate generation is formulated as:

𝑀𝑔𝑒𝑛 (𝑞,D∗, 𝑝) = 𝑦 (4)

where 𝑞 ∈ Q denotes the user question, D∗ is the sub-schema and
𝑝 ∈ { CTE , Subq , Normal } is the reasoning path control token.
With each control token, the model generates an SQL query 𝑦 that
adheres to the specified reasoning path. If themodel determines that
a reasoning path is not suitable for the question, it can output a N/A

token to indicate abstention. Finally, the SQL queries generated
from all reasoning paths are then aggregated and provided as input
to the SQL selection stage. Compared to generating one SQL, our
diversified SQL generator leverages the syntactic flexibility of SQL
to cover diverse reasoning paths efficiently with a single model.

Question: Who is the oldest patient with the highest total cholesterol
(T-CHO). State the patient ID and T-CHO index.

SQL1: SELECT T1.ID, T2.`T-CHO` FROM Patient AS T1 INNER JOIN Lab AS T2
ON T1.ID = T2.ID ORDER BY T2.`T-CHO` DESC, T1.Birthday ASC LIMIT 1;

SQL2: SELECT T1.ID, T2.`T-CHO` FROM Patient AS T1 INNER JOIN Lab AS T2
ON T1.ID = T2.ID ORDER BY T1.Birthday ASC, T2.`T-CHO` DESC LIMIT 1;

SQL Selector Output:
1. Question Analysis.
The user wants to identify the oldest patient who has the highest total
cholesterol. The result should include the patient ID and the
corresponding T-CHO value.

2. SQL 1 Analysis.

- Join Logic: SQL 1 performs an ‘INNER JOIN‘ between the ‘Patient‘ and
‘Lab‘ tables using the ‘ID‘ column, which is correct since it links
patients with their laboratory test results.

- Sorting Logic: The results are first sorted by T-CHO in descending
order to prioritize higher values, and then by Birthday in ascending
order to ensure that, among identical T-CHO values, the oldest patient
appears first.

3. SQL 2 Analysis.

- Join Logic: SQL 2 performs an INNER JOIN between the Patient and
Laboratory tables using the ID column, which is correct.

- Sorting Logic: The results are first sorted by Birthday in ascending
order to prioritize the oldest patients, and then by T-CHO in
descending order to ensure that among the oldest patients, the one
with the highest T-CHO appears first.

4. Difference Comparison.

- Primary Sorting: SQL 1 Orders by ‘T-CHO‘ DESC first, ensuring the
highest ‘T-CHO‘ appears first. SQL2 Orders by ‘Birthday‘ first,
ensuring the oldest patient appears first.

- Secondary Sorting: SQL 1 Orders by ‘Birthday‘ second, ensuring the
oldest patient is chosen. SQL2 Orders by ‘T-CHO‘ DESC second, ensuring
the highest ‘T-CHO‘ is chosen.

- Focus on Oldest Patient: SQL1 Focuses on the highest ‘T-CHO‘ first,
then selects the oldest patient. SQL2 Focuses on the oldest patient
first, then selects the highest ‘T-CHO‘.

5. SQL Choice: SQL1 is correct.

Figure 3: An example of stepwise SQL comparison.

5.3 Tournament-Style SQL Selection with

Stepwise Reasoning

The selection module aims to identify the best query from the SQL
candidates. While self-consistency can guide selection [75], prior
work [50] has shown that it results in suboptimal accuracy. Directly
training a model to rerank SQL candidates also faces challenges,
as the subtlety of semantic errors in SQL makes models prone to
overfitting on shallow patterns rather than learning to distinguish
between correct and incorrect queries. These limitations call for an
SQL selection module capable of capturing subtle semantic differ-
ences in SQL queries and selecting the one that best aligns with the
user’s intent. To overcome these limitations, we propose a stepwise
SQL selector and a tournament-style selection strategy.

Pairwise Comparisons with Stepwise Reasoning. To select the
best SQL query from multiple candidates, we reduce the task to
pairwise comparisons between SQL candidates. This stepwise rea-
soning process evaluates each pair based on syntax and semantic
differences. As shown in Figure 3, each pairwise comparison is
formulated as a generation-and-reasoning task, which is carried
out by our SQL selector. Given a pair of SQL candidates, the selector
initially produces a detailed reasoning path and then determines
which query better reflects the user’s intent. Specifically, the selec-
tor uses a four-step reasoning process to compare SQL candidates:

• Question Analysis. Restate the user’s intent and think about
which columns are the output.
• Clause Analysis. Analyze the clauses in the two SQL candidates.

Since SQL queries are naturally composed of multiple clauses,
this step conducts a sequential analysis of each clause. It checks
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for syntax errors and serves as an intermediate process to support
deeper semantic analysis.

• Semantic Comparison. Compare the two SQL queries on the
semantic level. This step focuses on understanding the overall
meaning of each query, examining how the queries align with
user requirements, and identifying logical errors.

• SQL Choice. Make a final decision on which SQL query is pre-
ferred based on the reasoning results.

This SQL-specialized process leverages a structured form of chain-
of-thought reasoning and test-time compute to compare SQL queries.
Through clause-level inspection within SQL queries and semantic-
level comparison across SQL candidates, it enables a systematic
evaluation of SQL pairs. Compared to direct reasoning, this struc-
tured process also mitigates the position bias issue, which is an
inherent limitation of the LLM-as-a-Judge paradigm [91].

Tournament-Style SQL Selection. To select the best SQL query
from a set of candidates, we propose a lightweight tournament-
style strategy. As illustrated in Figure 1- 3 , given𝑚 generated SQL
candidates {𝑦𝑖 }𝑚𝑖=1 at test time, we perform the stepwise comparison
between each SQL candidate pair and eliminate suboptimal candi-
dates at each step. The final remaining SQL candidate is selected as
the output. Since each comparison eliminates one SQL candidate,
the actual number of pairwise comparisons performed is fewer than
𝑚−1. Although each pairwise comparison with stepwise reasoning
incurs additional latency, our tournament-style selection strategy
effectively mitigates the overall inference latency by reducing the
number of required comparisons.

5.4 Training the SQL Reasoning Module

Training the Diversified SQL Generator. To enable the SQL
generator to produce SQL queries using multiple reasoning paths
during inference, we supervised fine-tune it to learn from SQL
queries conditioned by special control tokens. This process can be
formulated as learning the following mapping function:

𝑀𝑔𝑒𝑛 : Q×D∗×P → S∪{ N/A },P = { CTE , Subq , Normal } (5)

Here, D∗ is the sub-schema produced by the global-local schema
linking module, S is the space of all valid SQL queries and P is the
set of all special control tokens.

More specifically, given a natural language question 𝑞 ∈ Q and
a sub-schema D∗, we append each reasoning path control token to
the end of 𝑞 to form the input sequence, and use the corresponding
SQL query with the specified syntactic structure as the output
sequence. If there is no suitable SQL query for a given reasoning
path, the model learns to output an N/A token. We obtain reliable
SQL query annotations with different syntactic structures through
the data augmentation module in Section 6. By training the SQL
generator with diverse SQL forms, the model can generate SQL
queries via multiple reasoning paths and actively avoid generating
low-quality SQL when a particular reasoning path is unsuitable.

Training the SQL Selector. Our stepwise SQL selector leverages
structured reasoning to make pairwise comparisons. The training
process is equivalent to learning a binary classification function:

𝑀𝑠𝑒𝑙𝑒𝑐𝑡𝑜𝑟 : Q × D∗ × S × S → R × {𝑧 | 𝑧 ∈ {0, 1}} (6)

Algorithm 2: Preference Learning Dataset Construction
Input: Global schema linking dataset L𝑠𝑙 , frequency 𝐾
Output: Preference dataset L𝑑𝑝𝑜

1 L𝑑𝑝𝑜 ← ∅
2 foreach (D, 𝑞 ↦→ D∗ ) ∈ L𝑠𝑙

3 D+ ← D∗ // Set preferred schema as the correct sub-schema
4 for 𝑖 ← 1 to 𝐾 // Generate by random column deletion
5 C ← RandomlySampleColumns(D∗ )
6 D− ← D∗ \ C
7 L𝑑𝑝𝑜 ← L𝑑𝑝𝑜 ∪ (D, 𝑞 ↦→ D+,D− )
8 foreach table𝑇 ∈ D∗ // Generate by table deletion
9 D− ← D∗ \ {𝑇 }

10 L𝑑𝑝𝑜 ← L𝑑𝑝𝑜 ∪ (D, 𝑞 ↦→ D+,D− )

11 return L𝑑𝑝𝑜

where S is all valid SQL queries, R represents all stepwise chain-
of-thoughts. The comparison label 𝑧 is 0 if the selector prefers the
first SQL query in the pairwise comparison and 1 otherwise.

In detail, we employ supervised fine-tuning to train our pair-
wise SQL selector. We augment the training data (Section 6) by
attaching a chain-of-thought rationale to each pairwise comparison
instance. During training, the model is supervised to generate both
the rationale and the comparison label.

6 TASK-AWARE DATA AUGMENTATION

In this section, we first outline of our data augmentation framework
(Section 6.1), followed by the details of its application to schema
linking (Section 6.2) and reasoning-enhanced SQL generation (Sec-
tion 6.3). The experimental setting is described in Section 7.1.3.

6.1 Overview

As highlighted by [35], data scarcity remains a key challenge in
Text-to-SQL, which comprises multiple subtasks requiring different
types of supervision. To address this, we propose a task-aware data
generation pipeline that systematically augments human-annotated
data across these subtasks, ensuring comprehensive model training.

Formally, each human-annotated training instance is represented
as (D, 𝑞) ↦→ 𝑦, where (D, 𝑞) denotes the input database schema and
natural language question, and 𝑦 is the ground-truth SQL. Starting
from this limited supervision, our pipeline integrates information
extraction, LLM-based data synthesis, and rejection sampling to
ensure the quality and task relevance of the generated data.

6.2 Data Augmentation for Schema Linking

Supervised Fine-tuning for Global Schema Linking. The train-
ing data for the global linker in this step is formulated as (D, 𝑞) ↦→
D∗, where D∗ is the exact sub-schema corresponding to the cor-
rect SQL query 𝑦. For each 𝑦, we extract all referenced tables and
columns in the SQL query to construct D∗. To ensure integrity,
we add the primary key of each referenced table and foreign keys
required to connect the involved tables into D∗.
Supervised Fine-tuning for Local Schema Linking. The train-
ing data for the local linker is formulated as (𝑡, 𝑎, 𝑞) ↦→ {0, 1}, where
𝑡 is the description of an individual table, 𝑎 is the description of an
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Figure 4: The data augmentation pipeline for SQL generator.

attribute (i.e., column) inside 𝑡 . For each 𝑦 in the training instances,
we iterate over all columns in the referenced tables and label each
column as 1 if it appears in the corresponding sub-schema D∗,
and 0 otherwise. These labeled examples are used to construct the
training data for local schema linking.

Preference Learning for Global Schema Linking. In this step,
for each input (D, 𝑞), the global linker is presented with a sub-
schema pair (D+,D−), and is trained to satisfy the preference
constraint that D+ is more preferred than 𝐷− . Given 𝑞 and the
corresponding sub-schema D∗, D+ satisfies D∗ ⊆ D+ and D−
satisfies D− ⊂ D∗. We use Algorithm 2 to construct the training
data. For each training instance (Line 2), we start from the exact
referenced sub-schema D∗ (Line 3), remove columns (Line 4) or
remove each table (Line 8) to obtain the not-preferred sub-schema
D− . Note that we keep the preferred sub-schema D+ the same as
D∗ to avoid introducing noise.

6.3 SQL Generator and Selector Augmentation

LLM-based Synthesis for Diversified SQL Generator. The train-
ing data for the SQL generator is formulated as (D∗, 𝑞, 𝑝 ↦→ 𝑦),
where each 𝑦 is the answer for 𝑞 and adheres to the control token 𝑝 .
As shown in Figure 4, we designed an LLM-based pipeline to syn-
thesize SQL queries for training. In our data augmentation pipeline,
we start with a single manually annotated SQL query. For each
training instance, we input the question along with the annotated
query into an LLM (Figure 4- 1 ) and prompt it in one-shot manner
to decide the reasoning path of the annotated query (Figure 4- 2 )
and generate SQL queries in other two reasoning paths (Figure 4- 3 ).
The LLM may abstain to a reasoning path if that path is unsuitable
for the question. The generated queries are executed in DBMS (Fig-
ure 4- 4 ) to obtain execution results (Figure 4- 5 ). If the execution
result of a new query matches the correct result, the new SQL query
is added. Otherwise, we consider the corresponding reasoning path
unsuitable for the question.(Figure 4- 6 ).

Stepwise Reasoning Annotation for SQL Selector. Each train-
ing instance for the stepwise SQL selector can be formulated as
(D∗, 𝑞,𝑦𝑐𝑜𝑟𝑟𝑒𝑐𝑡 , 𝑦𝑤𝑟𝑜𝑛𝑔 ↦→ 𝑟, 𝑧), where 𝑟 is the stepwise reasoning
rationale and 𝑧 ∈ {0, 1} indicates the pair-wise comparison result.
The data synthesis process for the SQL selector is outlined in Algo-
rithm 3. We first sample multiple SQL queries for each question

Algorithm 3: Stepwise Reasoning Annotation
Input: Text-to-SQL dataset L, pre-trained LLM𝑀𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛 ,

annotator LLM𝑀𝑎𝑛𝑛𝑜𝑡𝑎𝑡𝑜𝑟 , sample frequency 𝐾𝑠
Output: Pair-wise SQL comparison dataset L𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒
// For each question 𝑞, sample multiple SQL queries

1 L𝑑𝑟𝑎𝑓 𝑡 ← RunDataset(𝑀𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛,L, 𝐾𝑠 )
// Judge correctness of the sampled queries using gold SQL
// L𝑛𝑜𝑛−𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒 = {(D∗, 𝑞,𝑦𝑐𝑜𝑟𝑟𝑒𝑐𝑡 , 𝑦𝑤𝑟𝑜𝑛𝑔)}

2 L𝑛𝑜𝑛−𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒 ← JudgeCorrectness(L𝑑𝑟𝑎𝑓 𝑡 )
// Annotate the chain-of-thought rationale using LLM
// L𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒 = {(D∗, 𝑞,𝑦𝑐𝑜𝑟𝑟𝑒𝑐𝑡 , 𝑦𝑤𝑟𝑜𝑛𝑔 ↦→ 𝑟, 𝑧)}

3 L𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒 ← Annotate(𝑀𝑎𝑛𝑛𝑜𝑡𝑎𝑡𝑜𝑟 ,L𝑛𝑜𝑛−𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒 )
// Only use rationale with the correct comparison result

4 L𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒 ← FilterCorrect(L𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒 )
5 return L𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒

with a pretrained model (Line 1). This step allows us to obtain the
correct and incorrect SQL queries for each question. After this, we
judge the correctness of the sampled queries by comparing their
execution results in the DBMS against the gold SQL (Line 2) and
leverage an annotator LLM to generate the stepwise reasoning ra-
tionale (Line 3). Finally, we filter out only the stepwise reasoning
rationales that lead to correct results as the training data (Line 4).

7 EXPERIMENTS

7.1 Experimental Setup

7.1.1 Datasets. We experiment on seven Text-to-SQL benchmarks:

Challenge Benchmark: Bird [37] is a challenging benchmark
containing 12751 annotated (Question, SQL) pairs across 95 databases.
Bird is substantially complex because it contains massive dirty data-
base contents and requires reasoning over external knowledge. We
use the Bird-dev set for evaluation, which contains 1534 pairs.

General Benchmark: Spider [84] is a widely used Text-to-SQL
benchmark spanning over 138 domains. Spider contains 8659, 1034,
and 2147 pairs in the train, development, and test sets, respectively.

Robust Benchmark: Dr.spider [8] is a variant derived from
Spider, integrating 17 types of variation across questions, databases,
and SQL queries. Dr.spider contains more than 15000 datapoints
and serves as an extensive benchmark for comprehensively assess-
ing the generalization capabilities of Text-to-SQL systems.

Real-World Benchmarks: Kaggledbqa [26], Mimic-sql [74],
Science [90], Spider2 [28] are real-world Text-to-SQL bench-
marks for data analysis, healthcare, scientific research, and enter-
prise business intelligence. For Kaggledbqa andMimic-sql, we use
the test set. For Science, we use the development set. For Spider2,
we use the SQLite subset (referring to Spider2-sqlite). The four
datasets contain 185, 1000, 299, and 135 questions, respectively.

7.1.2 Metric. We consider the prevalent metric: execution accu-

racy (EX), which evaluates whether the generated SQL extracts
the same results as the ground-truth SQL query from the database.
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7.1.3 Data Details. We used the training sets from the public
Spider and Bird datasets as base training data for our data augmen-
tation pipeline. We used DeepSeek-R1 as the annotation LLM for a
balance between cost and quality in Algorithm 2 and Algorithm 3.
Before augmentation, we used DeepSeek-R1 to filter noised training
data and obtained 6.3K and 7.6K instances from Bird and Spider.

For the global linker, we sampled 70% of the data for SFT and
used the remaining to build DPO data with Algorithm 2, where the
frequency 𝐾 was 3. We sampled 16 outputs at 0.8 temperature for
each question with OmniSQL-7B as𝑀𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛 in Algorithm 3. All
data filtering and augmentation cost 55$. Following [17], the input
schemas for the generator and selector consist of the exact used
tables and columns augmented with 0–2 randomly added irrelevant
tables and 0–2 irrelevant columns per table. For global schema
linking, we obtained 9K and 16K datapoints for SFT and DPO. For
local schema linking, we sampled positive and negative columns
at a 1:1 ratio and obtained 60K binary classification data. For SQL
generation and selection, we obtained 29K and 9K SFT data.

7.1.4 Implementation Details. We conducted experiments on a
server running Ubuntu 24.04 with an Intel Xeon 8558 CPU, eight
NVIDIA H200 GPUs. We fine-tuned open-sourced LLMs to ob-
tain schema linker, SQL generator, and SQL selector models. We
conducted experiments on different model architectures (Qwen-2.5-
Coder [23], Llama3.1 [12], and OmniSQL [33]). The parameter sizes
of LLMs spanned from 7B to 32B. We consistently used the local
schema linker fine-tuned from Qwen2.5-Coder-3B.
Training. Our models were trained with the TRL library [1]. The
global linker was first trained with SFT, then trained with DPO. The
SQL generator and selector were trained with SFT. We trained each
model for 3 epochs by default. For the SQL selector, we trained 4
epochs. The SFT learning rate was 1×10−5 for Qwen and OmniSQL.
For Llama, we halved the SFT learning rate. In DPO, we set beta to
0.2, learning rate to 1 × 10−6, epoch to 1, and we added an SFT loss
with a weight of 0.3. The gradient accumulation steps were 16.
Evaluation. We built vector indexes for database content of TEXT
typeswith FAISS [11] and gte-large-en-v1.5 [89].We used vLLM [25]
for inference. Three values with the highest similarity to the ques-
tion were extracted as examples. For each reasoning path in the
SQL generation module, we sampled 8 outputs at 1.5 temperature.

7.1.5 Baselines. We consider published state-of-the-art methods
as our baselines, which can be categorized into two categories.

Prompting Methods with Closed-source LLMs. This type of
method integrates advanced pipelines and prompt engineering.

Text-to-SQL with Open-source Models. Methods of this type
fine-tune models with specific data and potentially employ multiple
models. For open-source model baselines, we sampled 24 candidates
with 0.8 temperature and applied the self-consistency strategy.

7.2 Overall Performance

Exp-1: How does OpenSQL perform compared to state-of-the-

art solutions that based on closed-source LLMs? To evaluate
the effectiveness of OpenSQL in improving Text-to-SQL accuracy,
we carried out experiments on the Bird and Spider datasets. We ap-
plied the data augmentation pipeline to the training sets of Bird and

Spider and fine-tuned models with the augmented data, then eval-
uated OpenSQL on Bird-dev, Spider-dev, and Spider-test datasets.
The experimental results are shown in Table 2.

With Qwen2.5-Coder-7B, OpenSQL achieves 67.2% EX on Bird-
dev, outperforming all fine-tuning-based baselines of similar pa-
rameter scales. With Llama3.1-8B, OpenSQL achieves 65.1% EX on
Bird-dev, demonstrating the versatility of OpenSQL across different
LLM architectures. Additionally, OpenSQL-32B achieves 70.0% EX
on Bird-dev, 88.6% EX on Spider-dev, and 88.3% EX on Spider-test,
showing competitive performance with leading methods based on
closed-source LLMs. These results indicate that OpenSQL maintains
effectiveness across different parameter scales. This experiment
demonstrates that OpenSQL effectively enhances the accuracy of
open-source LLMs for Text-to-SQL, narrowing the gap with state-
of-the-art closed-source LLMs. Notably, while performance scales
with model size on the complex Bird benchmark, smaller models
occasionally surpass larger counterparts. This is attributed to anno-
tation bias, where stronger models tend to generate more complete
SQL formulations (e.g., handling ties), which can be reasonable
but mismatched with the single ground-truth execution and thus
counted as errors.

Exp-2: How well does OpenSQL generalize to unseen user

needs, changing schemas and databases of different dialects?

To evaluate the robustness of OpenSQL when applied to unseen
data, we first conducted experiments on Dr.spider, which contains
perturbed databases, questions, and SQL queries from Spider. We
compared OpenSQL with three baselines: the published state-of-the-
art on Dr.spider (ZeroNL2SQL+GPT-4) and two top open-source
models from Bird (ExCoT+Qwen2.5-Coder-32B and OmniSQL-32B).
For open-source models, we sampled 24 outputs at 0.8 temperature
and voted with self-consistency. As shown in Table 3, OpenSQL +
Qwen2.5-Coder-7B and OpenSQL + OmniSQL-7B both averagely
achieve 79.8% EX, surpassing ZeroNL2SQL+GPT-4 by 2.6%. With
32B base model, OpenSQL achieves 81.1% average EX, surpassing the
best open-source model in Bird (ExCoT-DPO+Qwen-32B) by 1.6%.
These results indicate that OpenSQL can robustly handle schema
changes and new question types without retraining. This stems
from OpenSQL’s subtask-specific training, which allows models to
focus on simpler objectives andmakes them less sensitive to schema
or question shifts than end-to-end training approaches.

Furthermore, we evaluated OpenSQL on different dialects using
Bird-minidev (MySQL/PostgreSQL). Without dialect-specific tun-
ing, OpenSQL-32B achieves 64.6% and 65.6% EX, outperforming lead-
ing baselines (i.e., OmniSQL-32B and ExCoT+Qwen-32B). While
these models suffer severe performance drops when shifting from
SQLite to other dialects, OpenSQL shows superior robustness with
much smaller decline. This stems from OpenSQL learning intrinsic
SQL reasoning logic rather than fitting to SQLite-specific patterns.

7.3 Real-world Scenarios Study

Exp-3: How does OpenSQL perform in real-world scenarios?

To evaluate the performance of OpenSQL in unseen real-world sce-
narios, we performed experiments on Kaggledbqa, Mimic-sql,
Science, and Spider2-sqlite datasets. In this experiment, the test
set was completely disjoint from the training data (Spider and Bird)
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Table 2: Performance comparison (EX) on different datasets. “SC@N” means Self-Consistency with N samples. “–
†
” means the

method’s code is unavailable and did not report results. “–
‡
” means the result is unavailable due to training data contamination.

Method / Model #Param Bird-dev Spider-dev Spider-test Kaggledbqa Mimic Science Spider2-sqlite

Prompting Methods with Closed-source LLMs

DAIL-SQL [15] + GPT-4 >175B 54.8 83.6 86.6 46.0 36.1 48.2 10.4
MAC-SQL [69] + GPT-4 >175B 57.6 86.8 82.8 31.9 53.1 54.5 17.0
CHESS [67] + GPT-4 >175B 65.0 87.1 87.2 51.9 54.9 55.9 13.3
E-SQL [3] + GPT-4o ~200B 65.6 84.1 83.8 53.5 48.9 57.5 16.3
CodeS [35] + REDSQL [60] + GPT-4o ~200B 67.3 85.7 87.4 54.6 62.0 60.5 12.6
OpenSearch-SQL + GPT-4o ~200B 69.3 86.4 87.1 51.9 59.5 56.5 19.3
XiYan-SQL [16] + GPT-4o ~200B 73.3 –† 89.7 –† –† –† –†
CHASE-SQL [50] + Gemini-1.5-Pro >200B 74.5 –† 87.6 –† –† –† –†

Text-to-SQL with Open-source Models

ROUTE [55] + Qwen2.5-14B 14B 55.9 87.1 87.3 –† –† –† –†
SFT CodeS + Schema Filter [35] + SC@24 15B 57.2 85.1 84.1 42.2 40.9 50.8 3.7
Qwen2.5-Coder [23] + SC@24 32B 64.8 83.4 84.1 31.9 61.3 59.2 17.8
XiYanSQL-Qwen2.5-Coder [16] + SC@24 32B 66.8 –‡ 88.4 53.0 36.5 53.2 8.9
OmniSQL [33] + SC@24 32B 67.0 87.9 89.6 56.8 51.5 60.5 13.3
ExCoT-DPO [87] + Qwen2.5-Coder + SC@24 32B 68.7 86.4 86.7 60.5 47.7 60.9 13.3
SFT Qwen2.5-72B [82] + SC@24 72B 66.4 88.1 87.9 60.0 46.4 54.5 5.2

OpenSQL + Qwen2.5-Coder-7B 7B 67.2 88.8 86.9 60.5 62.8 56.6 8.9
OpenSQL + OmniSQL-7B 7B 69.5 87.6 86.8 61.1 61.4 60.5 14.1

OpenSQL + Llama3.1-8B 8B 65.1 86.8 86.6 60.0 64.1 58.9 5.9
OpenSQL + Qwen2.5-Coder-14B 14B 68.4 88.2 87.6 61.1 59.0 62.5 9.6
OpenSQL + Qwen2.5-Coder-32B 32B 70.0 88.6 88.3 63.2 64.3 61.5 14.1

to simulate real-world scenarios. Given the large scale of databases
in this experiment, we set the SQL timeout to 600 seconds.

As shown in Table 2, OpenSQL consistently demonstrates com-
petitive accuracy across out-of-domain real-world datasets. With
Qwen-7B, OpenSQL achieves 60.5% EX on Kaggledbqa and 62.8%
EX on Mimic-sql, surpassing all prompting-based baselines. With
Qwen-32B, OpenSQL achieves better performance, including 61.5%
EX on Science, matching the state-of-the-art. On the most challeng-
ing Spider2-sqlite benchmark, OpenSQL combined with Qwen-32B
and OmniSQL-7B both achieve 14.1% EX, outperforming OmniSQL-
32B and ExCoT + Qwen2.5-Coder-32B at 13.3%. Notably, some
open-source models trained on Bird or Spider show degraded
performance on the real-world benchmarks (e.g., 5.2% EX of SFT
Qwen2.5-72B on Spider2-sqlite), whereas OpenSQL does not suf-
fer from such degradation severely, highlighting its robustness
under domain shift. Additionally, we find model size has a more
pronounced impact on Spider2-sqlite, with closed-source models
overall outperforming open-source ones, indicating that complex
schemas and queries require larger model capacity for effective rea-
soning. This experimental results indicate that OpenSQL delivers
strong out-of-the-box accuracy without additional fine-tuning.

Exp-4: Can OpenSQL be deployed with limited models? How

sensitive is OpenSQL to the data synthesis model? To evaluate
OpenSQL’s practicality under constrained resources, we examined
the accuracy of OpenSQL with reduced model counts and weaker
data synthesis models. Regarding deployment efficiency, we eval-
uated three consolidated settings: (1) Training a Reasoner model to
perform SQL generation and SQL selection; (2) Further training a
Schema Linker model to perform global-local schema linking; and
(3) Training a single model for all tasks (excluding DPO to avoid
catastrophic forgetting). As shown in Table 4, with a limited num-
ber of models in the multi-task training setting, OpenSQLmaintains

high accuracy. Using the Reasoner to perform SQL generation and
selection results in virtually no EX loss. Across Spider and Bird,
the performance drop under multi-task training is less than 2%. This
shows the adaptability of the OpenSQL pipeline with resource-con-
strained deployments. Regarding data robustness, replacing the data
synthesis model with Gemma3-27B or Qwen3-32B yields consistent
accuracy. This shows that while stronger LLMs offer a slight per-
formance edge, our strategy of anchoring synthetic data to correct
results ensures OpenSQL remains robust even with weaker teachers.

7.4 Data Efficiency Study

Exp-5: Can OpenSQL scale with more training data? And how

well does OpenSQL perform under cold-start settings? To study
the data efficiency capability of OpenSQL, we trained OpenSQLmod-
els on progressively larger subsets of the training data and evaluated
the accuracy. Specifically, we created five subsets by randomly sam-
pling 15%, 25%, 50%, 75%, and 100% of the data from the original
training data, and trained OpenSQLwith Qwen-2.5-Coder-7/32B and
Llama3.1-8B as the base model. We evaluated the EX of OpenSQL
trained on each split on the Bird-dev and Spider-dev.

As shown in Figure 5, there is a positive correlation between
the amount of training data and EX on both Bird-dev and Spider-
dev across different model architectures and parameter scales. This
shows that OpenSQL scales effectively with additional training data.
This is because more training data can strengthen each module’s
competence on the subtask and improve inter-module coordina-
tion. With 25% data, OpenSQL + Qwen-32B surpasses OmniSQL-32B,
which uses 2.5 million (Question, SQL) pairs for training, demon-
strating the data-efficiency of OpenSQL. Furthermore, we find that
larger models perform better with limited data, but the accuracy
gains become less prominent as training data increases.
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Table 3: Comparison of EX accuracy (%) between OpenSQL and baseline methods on

the Dr.spider dataset (upper) and Bird-minidev dataset of different dialects (lower).

Type of Perturbation
/ Dataset

Zero-
NL2SQL
+GPT-4

ExCoT+
Qwen-32B
+SC@24

OmniSQL
-32B

+SC@24

OpenSQL
Qwen

-7B

OpenSQL
Omni

-7B

OpenSQL
Llama

-8B

OpenSQL
Qwen

-14B

OpenSQL
Qwen

-32B

DB
schema-synonym 71.4 80.3 80.6 78.2 75.8 76.3 78.5 79.8

schema-abbreviation 75.9 84.9 86.0 83.8 84.8 84.1 87.4 86.2
content-equivalence 72.0 68.6 63.9 68.3 71.5 64.1 69.9 69.4

NL

keyword-synonym 74.5 72.4 74.8 76.3 77.8 74.4 76.5 75.6
keyword-carrier 89.0 87.0 89.2 91.5 90.2 92.2 91.0 91.2
column-synonym 64.5 67.5 68.2 67.1 68.7 67.5 68.7 70.5

column-carrier 73.2 81.9 83.4 83.2 82.7 81.9 84.8 83.1
column-attribute 73.9 74.8 77.3 80.7 80.7 78.2 76.5 79.0
column-value 74.3 82.9 80.3 80.3 77.6 78.6 83.2 82.6
value-synonym 68.9 71.7 63.2 69.2 69.2 69.8 72.7 71.3

multitype 67.6 70.5 70.7 70.6 71.9 70.2 72.9 72.2
others 81.3 83.1 82.7 81.7 81.7 81.8 83.6 82.8

SQL

comparison 79.2 73.6 77.5 74.7 74.2 78.1 75.3 75.8
sort-order 83.3 85.4 85.9 86.5 83.9 81.2 83.9 89.1

nonDB-number 92.4 94.7 93.9 93.9 94.7 90.8 90.1 94.7

DB-text 82.1 85.0 86.2 83.6 82.7 84.2 85.0 85.5
DB-number 86.3 87.3 90.0 87.8 88.0 87.1 90.5 90.7

Dr.spider Average 77.2 79.5 79.6 79.8 79.8 78.9 80.6 81.1

Bird-minidev (MySQL) — 47.8 57.0 60.6 60.0 59.2 61.6 64.6
Bird-minidev (PostgreSQL) — 39.4 56.8 58.8 57.8 57.4 59.2 65.6
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Figure 5: Accuracy of OpenSQL on Bird-

dev (a) and Spider-dev (b) across dif-

ferent training data scales (15%-100%).

Table 4: OpenSQL-7B accuracy with resource-limited settings.

Setting Bird-dev Spider-dev

OpenSQL +Qwen-7B (Data synthesis w/ Deepseek-R1) 67.2 88.8

Global / Local Linker + Reasoner (3 models) 66.9 88.5
Schema Linker + Reasoner (2 models) 65.5 87.3
Unified Training (1 model) 65.6 87.7
Data synthesis w/ Gemma3-27B 67.0 87.7
Data synthesis w/ Qwen3-32B 66.8 88.0

Exp-6: How are the training time, inference cost, and latency

of OpenSQL?We further analyzed the cost of OpenSQL to validate its
cost-effectiveness. We computed the average number of input and
output tokens per question on Bird-dev and converted them into
costs with the official API price. Although OpenSQL can be deployed
locally, we included the cost converted from the Qwen API price as
references. We compared OpenSQL with prompting-based methods
built on different LLMs, including CHASE-SQL (Gemini), MAC-SQL
(GPT-4), E-SQL (GPT-4o), and CHESS (Llama3-70B).We also directly
fine-tuned a larger LLM, Qwen2.5-72B, using the Spider-train and
Bird-train datasets, under the same experimental settings.

As shown in Table 5, compared with CHASE-SQL, which relies
on prompting Gemini-1.5-Pro, OpenSQL reduces both input and
output tokens, leading to a cost reduction by two orders of mag-
nitude. This is because OpenSQL does not require few-shot exam-
ples in the LLM context. Compared to E-SQL, MAC-SQL, OpenSQL
achieves higher EX accuracy with low inference cost. We also eval-
uate OpenSQL’s training time and latency. Notably, we observe that
OpenSQL exhibits markedly lower latency than advanced prompting-
based closed-source approaches. The tournament selection intro-
duces additional inference latency, but the increase is not significant.
This is because the majority of SQL candidates yield identical execu-
tion results and do not incur pairwise comparisons. As a result, the
inference latency is dominated by the execution of SQL candidates,
which is adopted by most Text-to-SQL methods. Finally, we observe
that OpenSQL generates explicit reasoning structures (e.g., CTE ),
which may result in more complex SQL queries that incur longer
execution time on benchmark workloads. Future work may take
the execution efficiency of synthesized SQL into consideration.

Table 5: Overhead Analysis (On Bird-dev). Training Time are

measured with 8 Nvidia H200 GPUs. Latency are measured

with 4 Nvidia H200 GPUs due to vLLM compatibility.

Method / Stage

Train

Time

Input

Token

Output

Token

Latency

(s)

Avg.

Cost

EX

CHASE-SQL + Gemini UNK ~280K ~50K 58.7 $0.60 74.5
MAC-SQL + GPT-4 N/A 6.3K 0.6K 10.3 $0.22 57.6
E-SQL + GPT-4o N/A 44K 1K 47.5 $0.12 65.6
CHESS + Llama3-70B N/A 327K 24.8K 81.7 $0.31 61.5
SFT Qwen2.5-72B + SC@24 7.3h 4.5K 1.3K 3.3 $0.0046 66.4
SQL Generation – 4.5K 1.3K 1.5 $0.0046 –
SQL Execution and Vote – – – 1.8 $0 –

OpenSQL+Qwen2.5-Coder-7B 3.6h 9.8+30K 3.0K 9.6 $0.0035 67.2

Global Schema Linking 1.4h 4.5K 0.05K 0.25 $0.0006 –
Local Schema Linking 0.7h 30K 0.05K 0.32 $0.0013 –
SQL Generation 1.0h 1.8K 1.1K 0.36 $0.0006 –
SQL Execution – – – 5.12 – –
Tournament Selection 0.5h 3.5K 1.8K 2.84 $0.0010 –

OpenSQL + Qwen2.5-Coder-14B 6.4h 9.6K+30K 2.9K 10.6 $0.0064 68.4

Global Schema Linking 3.0h 4.5K 0.05K 0.37 $0.0013 –
Local Schema Linking 0.7h 30K 0.05K 0.33 $0.0013 –
SQL Generation 1.8h 1.8K 1.1K 0.49 $0.0014 –
SQL Execution – – – 5.32 – –
Tournament Selection 0.9h 3.3K 1.7K 4.10 $0.0024 –

7.5 Ablation Study

Exp-7:What is the impact of eachmodule in OpenSQL? We con-
ducted an ablation study with Qwen-7B and Qwen-32B to evaluate
the contribution of each component. Results are shown in Table 6.

Progressive Ablation. The upper section of Table 6 reports a pro-
gressive ablation where we iteratively remove modules from the
full pipeline. First, removing the global-local schema linking mod-
ule leads to an accuracy drop. This confirms that precise schema
pruning is essential for reducing input noise. Second, further remov-
ing the Diversified SQL Generator (using single-path generation)
reduces accuracy, showing the effectiveness of diverse reasoning
paths. Third, removing the Stepwise Selection module causes the
most significant decline, demonstrating that accurately selecting
the answer from multiple tries is critical for Text-to-SQL.
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Table 6: Ablation study of OpenSQL. The primary metric is EX.

At the right of EX is a recall for the correct SQL.

Bird-dev Spider-dev

Configuration 7B 32B 7B 32B

Full Pipeline 67.2(77.1) 70.0(78.8) 88.8(91.6) 88.6(92.2)
– Global-Local Schema Linking 66.0 68.7 86.8 88.2
– Diversified Generation 64.7 67.5 86.3 88.0
– Stepwise Selection 59.6 64.1 84.3 87.1

Ablation on Schema Linking (EX)
only Global Linker (w/ DPO) 66.6 69.2 87.8 88.2
only Global Linker (w/o DPO) 65.5 68.7 87.0 87.9
Ablation on Diversified Generation (EX / Recall)
w/o Reasoning Path Subq 65.9(74.9) 69.4(77.1) 88.2(90.9) 88.4(91.3)
w/o Reasoning Path CTE 66.5(75.0) 69.2(77.5) 88.2(91.5) 88.3(91.9)
Ablation on Selection Strategy (EX)
w/ Self-Consistency 65.3 68.6 86.8 87.9
w/ Direct Pairwise Comparison 65.5 69.0 87.9 88.3

Component Analysis. The lower section of Table 6 validates key
design choices by replacing one component with a simpler alter-
native while keeping the rest unchanged. (i) For schema linking,
relying solely on the global linker decreases accuracy, and further
removing DPO causes a sharper drop to 65.5%. This confirms that
the local linker is essential for fine-grained column alignment, while
DPO enhances the global linker’s ability to retain necessary schema
items. (ii) Regarding generation, excluding the Subq or CTE path
reduces the recall of correct SQL and subsequently the final EX,
validating that diverse syntactic structures complement each other
to cover complex reasoning logic. (iii) Finally, for selection, our step-
wise strategy outperforms both self-consistency and direct pairwise
comparison, showing that structured clause-level reasoning is crit-
ical for distinguishing correct queries from subtle semantic errors.

Discussion on Model Scale and Difficulty. The ablation results
confirm that our proposed modules are consistently effective across
varying model scales, while the magnitude of improvement varies
depending on the interplay between model capacity and task diffi-
culty. Specifically, the relative gains on the 32B model are slightly
narrower compared to the 7B counterpart, reflecting the stronger
inherent reasoning capabilities of the larger backbone. Additionally,
we observe a saturation effect on the easier Spider-dev benchmark,
where the marginal gains from optimizations are relatively limited.

8 DISCUSSION AND LIMITATIONS

Justification for Small Fine-Tuned Models. Small fine-tuned
models offer advantages in terms of lower long-term costs, higher
accuracy, and customization. While serving large LLMs incurs sub-
stantial resource overhead, small models allow for cost-effective
long-term deployment due to lower VRAM requirements and less
token consumption. Through task-specific training, small models
can surpass larger general models in accuracy. Furthermore, the
minimal training and deployment overhead facilitate efficient cus-
tomization within privacy-critical environments.

Reliability and Applicability of the Augmented Data. We
ensure the reliability of augmented sub-task supervision by using

the execution correctness of the final SQL as validation. This rig-
orous alignment guarantees the validity of the synthesized logic,
thereby minimizing spurious correlations or artifacts. Furthermore,
our framework requires only standard end-to-end (Question, SQL)
pairs. It can automatically synthesize the intermediate supervision
from these pairs, allowing OpenSQL to seamlessly adapt to diverse
datasets and SQL dialects with minimal manual intervention. Al-
though a risk persists where flawed intermediate reasoning might
yield the correct result, our experiments with varying synthesis
models demonstrate negligible performance decline.

Serving Choices. OpenSQL supports flexible deployment, allowing
for either modular serving or a single unified model (as in Table 4).
The unified option can ensure a controllable memory footprint and
limit the operational overhead to that of a single small model.

Trade-off on Developer Effort. OpenSQL requires training multi-
ple specialized modules, which involves higher initial engineering
effort compared to end-to-end approaches. However, this modular
specificity is designed to maximize the potential of small open-
source models. We observed that Text-to-SQL sub-tasks possess dis-
tinct characteristics best addressed by tailored training paradigms.
Accordingly, we implement specialized training strategies for each
module to maximize the overall accuracy. Consequently, the in-
creased training complexity is justified by the gains in inference
accuracy and generalization ability. Future iterations could leverage
reinforcement learning to unify the training pipeline. Regarding
maintenance, adapting to new domains requires only collecting new
(Question, SQL) pairs. These pairs are processed by an automated
data augmentation pipeline to facilitate incremental fine-tuning.
Consequently, developers can efficiently maintain the system by
either fine-tuning a single unified model or selectively updating
specific modules without retraining the entire system.

Limitation on Schema Scalability. The global schema linker
takes the full database schema as input to leverage the model’s
comprehension capability. This may face limitations in enterprise
scenarios with extremely wide tables or thousands of columns.
In such cases, the full schema may exceed the context window of
small LLMs. To mitigate this, future iterations could adopt a schema
partitioning strategy to process complex schemas multiple times.

9 CONCLUSION

We presented OpenSQL, a data-efficient framework that enhances
open-source LLMs for Text-to-SQL. OpenSQL synthesizes interme-
diate supervision from limited annotations and trains the model
to master intermediate Text-to-SQL sub-tasks. Experiments show
that OpenSQL outperforms open-source models with less training
data and competes with advanced closed-source LLMs.
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