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Abstract

Text-to-SQL, which translates natural language into SQL queries, has attracted significant attention in the database community. Recent
advances leverage large language models (LLMs) to generate syntactically and semantically correct SQL. However, these approaches typically

rely on prompt engineering and rigid multi-stage pipelines, making them sensitive to prompt variations and limiting their generalization across
SQL dialects. To address these limitations, we propose SF-SQL, a Stage-Free Text-to-SQL framework enhanced by reinforcement learning.

Instead of following a fixed pipeline, SF-SQL formulates SQL generation as a dynamic decision-making process, enabling the LLM to reason

about the next action based on the context and execution feedback. To facilitate effective training, we develop a trajectory synthesis strategy

that efficiently generates diverse and high-quality reasoning-action sequences. Moreover, SF-SQL proposes a reward scheme that integrates

both final and intermediate query-aware signals without incurring additional inference overhead. Our experiments show that SF-SQL achieves

88.73% execution accuracy on Spider and 69.23% on BIRD, demonstrating strong generalization across five types of database dialects.
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m 1 Introduction

The task of Text-to-SQL focuses on converting natural language
questions into SQL queries, enabling users to access structured data
without knowledge of query languages. This capability underpins
various applications such as interactive data analytics, intelligent
database assistants, and automated customer support [1]. However,
Text-to-SQL is challenging due to the need to interpret ambiguous
natural language inputs, reason over complex database schemas, and
generate SQL queries that are syntactically correct and semantically
accurate.

Early Text-to-SQL methods rely on hand-crafted rules and
templates [2—5], and later shift to pre-trained language models
(PLMs) [6-11] such as BERT [6], TaBert [7]. Recent advancements
have increasingly adopted large language models (LLMs) [12—14]
adapted via prompt engineering [15-18] or fine-tuning [19-21].
These methods rely on carefully designed prompts or task-specific
data to integrate schema-specific knowledge and guide reasoning.
Yet both assume rigid, multi-stage pipelines, limiting their
generalization. For instance, existing works like MCS-SQL [17]
enforce a pipeline consisting of sequential stages like schema
linking — SQL generation — selection, as shown in Fig. 1. This
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example highlights the rigidity of predefined pipelines, where errors
in early stages propagate forward without the ability to backtrack. If
an initial schema linking stage misses crucial context, the SQL
generated in the second stage can be syntactically valid but
semantically flawed. The final selection stage cannot correct this
issue because it is limited to choosing among generated candidates,
and cannot trigger a revision of the earlier schema linking stage.

Addressing such errors requires manual adjustments and additional

Question @ @ sQL
Which department has the 7| SELECT id FROM department
highest budget? ORDER BY budget desc LIMIT 1
@ @ Schema Linking
Schema
Refined Schema U.
department t
p managemen e | —
id depart t_id
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ranking temporary_acting x
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100 is not the department’s name —— Termination

Fig. 1
Text-to-SQL generation

Illustration of error propagation in a rigid multi-stage pipeline for
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control logic, significantly complicating pipeline management.

To overcome these limitations, we propose SF-SQL, a stage-free
Text-to-SQL framework enhanced by reinforcement learning. As
illustrated in Fig. 2, previous LLM-based schemes decompose Text-
to-SQL into a fixed, multi-stage pipeline, where each stage comprises
a set of sequential actions. Specifically, traditional LLM-based
methods decompose Text-to-SQL into a fixed, multi-stage pipeline:
ie, retrieval, generation, correction, where each stage
comprises a set of sequential actions. For example, in retrieval,
the LLM extracts relevant keywords for similarity search and links
them to tables and columns. In generation, the LLM produces
candidate SQL queries guided by in-context examples or by
decomposed logical forms. In correction, the LLM revises the
SQL with execution feedback or auxiliary models. These stages are
carried out in a strict sequence and often require manual design,
making the pipeline difficult to optimize. In contrast, we eliminate
such stages and instead let the LLM reason the next action based on
the current context, thus allowing the LLM to revise earlier decisions
when necessary. Rather than reducing the reasoning space, the stage-
free framework provides greater flexibility, where the model can
dynamically choose among multiple actions according to the current
context and environmental feedback.

However, such flexibility comes with two challenges. (i) The large
action space in stage-free generation makes it difficult to collect
high-quality reasoning-action trajectories for effective reinforcement
training. (i) The reward design must reflect the quality of not only
the final result but also the intermediate reasoning process, all within
the limited context window of LLMs. We tackle these challenges
with a reinforcement learning framework that improves data
reliability and optimization stability by integrating trajectory
synthesis for consistent reasoning—action trajectories and fine-
grained rewards derived from environmental feedback.

Our main contributions and results are as follows:

e We propose SF-SQL, a stage-free Text-to-SQL framework
enhanced by reinforcement learning, which optimizes the
policy of the LLM by leveraging environmental feedback,
while mitigating training bias arising from flawed labels via
consistency-validated supervision.

e We design a trajectory synthesis mechanism that prunes
uninformative rollouts and retains high-quality reasoning-

Traditional LLM-based Text-to-SQL
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action trajectories, guiding policy learning under an action
space.
e We introduce a novel reward design that integrates final
with
additional inference overhead during reward computation.
o We
benchmarks. SF-SQL achieves 69.23% execution accuracy on
the BIRD and 88.73% on the Spider. Moreover, SF-SQL
performance in

outcomes intermediate signals, without incurring

conduct extensive evaluations across multiple

consistently cross-dialect
evaluations, yielding substantial gains on SQLite, MySQL,
PostgreSQL, Oracle, and SQL Server. These

demonstrate the effectiveness and generalization capability of

improves
results

our approach.

H 2 Preliminaries

This section provides the formal definitions and essential concepts
underlying the Text-to-SQL tasks.

H 2.1 Text-to-SQL
Problem definition. Given a relational database D, a natural
language question Q, and optional external information E, Text-to-
SQL generates an executable SQL query Y such that the execution of
Y on D yields the correct answer to Q [22].

Formally, the Text-to-SQL task can be defined as:

Y=f(Q,D,E|0), (1)
where f(-]6) is a model with learnable parameters 6. The database
D provides metadata such as table names, column names, and
foreign key constraints, as well as execution support for SQL queries.
The external information E may include context such as column
descriptions or explanatory notes that help resolve ambiguities in the
question Q.

N 2.2 LLM-based Text-to-SQL

LLMs, such as GPT [12], LLaMA [13], and Qwen [14], have shown
capabilities in understanding and generating natural language.
OpenAl’s ol [23] introduced inference-time scaling by increasing the
Chain-of-Thought reasoning process, which significantly boosts
performance on complex reasoning tasks such as mathematics and
code generation. LLMs can be adapted to specialized tasks, e.g.,
Text-to-SQL, through prompt engineering [15,16,24] or fine-tuning
[19,21].
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Fig.2 Comparison between traditional LLM-based Text-to-SQL and Stage-Free Text-to-SQL

Frontiers of Computer Science |issue X | Volume 21 | June 2026 | -2
FCS-260238-YS  2026-08-17 09:13:23

20

40

45

50



v

i

1

Front. Comput. Sci.

e Prompt engineering relies on the in-context learning abilities
of LLMs. It guides LLMs in SQL generation with carefully
crafted prompts and predefined pipelines (e.g., schema
linking — SQL generation — SQL correction).

e Fine-tuning enables the LLM to acquire reasoning strategies
tailored to the Text-to-SQL from training data, thus reducing
its reliance on sophisticated prompt designs.

We adopt the fine-tuning approach because complex intermediate
steps in Text-to-SQL generation cannot be explicitly controlled
through prompt engineering alone, and it is impractical to enumerate
all possible cases via handcrafted prompts [25]. In contrast, fine-
tuning enables LLMs to implicitly learn these steps from data [26].

B 2.3 Database execution feedback

When a SQL query is executed, the database returns an error
message or a result set. Such feedback offers a direct signal to refine
SQL translation, hence improving the Text-to-SQL model. If the
query contains syntax or semantic errors, the database indicates the
cause (e.g., invalid column names or type mismatches). If the query
executes successfully, the result can be compared against the
question to detect logical inconsistencies or missing constraints. For
example, if the result contains null values or returns more rows than
expected, the model may revise the query by adding filters (e.g., a
WHERE clause) or a LIMIT clause. Prior studies [15,18,27] have
utilized database execution feedback to improve Text-to-SQL.
However, they leverage it for post-processing or inference-time
selection, rather than model fine-tuning.

B 2.4 Reasoning-action trajectory

Given a question g and a policy 7y, the model interacts with the
environment through a sequence of reasoning—action pairs. At each
step t, the policy performs an implicit reasoning process #, that
explains the rationale for the next decision, and generates an action
a, € A conditioned on the current context:

Pr = (hz, az)’ Pr~ ”ﬁ(' | q, St or)s (2)
where s, €8 denotes the internal context (e.g., partial query,

Consistency validation Environment

Training data 11 Vector Unstructured|
Consistency| [FQuestion
Validated

i Self-

SQL

E database
data i

~
——
—

intermediate feedback), and o, €O represents the observation
obtained from environment feedback. The environment dynamics are
characterized by a transition function:

T:SX\?{—)S, Sti1 =7'(s,,a,), (3)
and an observation function:
E:SXA—-O0, o4 =E(s,a). (4)

A reasoning—action trajectory is defined as the sequence:

T ={p1,02,---»pr} = {(h, @), ..., (hr,ar)}, (5)
which records the iterative reasoning and decision-making process of
the policy my. The reasoning states /i, represent implicit cognitive
steps that guide subsequent actions, while actions a, reflect explicit
decisions interacting with the environment.

m 3 Method

This section presents SF-SQL, a reinforcement learning based
framework to eliminate predefined pipelines and enable stage-fiee
SQL generation from natural language queries.

m 3.1 SF-SQL overview

SF-SQL discards predefined pipelines, allowing the LLM to choose
actions dynamically based on the context during inference and
database execution feedback. We enable this flexible, stage-fiee
generation through a reinforcement learning based fine-tuning
strategy, supported by a consistency validation mechanism that
mitigates the effect of noisy annotations in training data and ensures
reliable supervision. Specifically, we extend Group Relative Policy
Optimization (GRPO) [29] for stage-free Text-to-SQL, which has
shown effectiveness in strengthening LLM reasoning capabilities in
tasks like mathematical reasoning and code generation [28].

We define a set of actions inspired by prior studies [15,17,18],
without enforcing a strict execution order. Furthermore, we utilize
environmental feedback to design rewards and generate high-quality
reasoning-action trajectories. Fig. 3 illustrates the overall architecture
of SF-SQL.
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Similarity search Tool-oriented " Reward E Frozen
SQL Execution Tool-oriented i i " Accuracy | model
Schema linking | Reasoning-oriented ! Format i Trained
SQL Generation | Reasoning-oriented ii " Intermediate | model

SQL Fixing Reasoning-oriented ! i

Termination | Reasoning-oriented :

&

i Reasoning-Action trajectory synthesis glim?(r)(rll i
i -------- R ittt Stepm -------------------- > ‘ H
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Eg 1 Explore -~ st F--=1 Comp. PO i
ig - 10 ir(‘[l P— A
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Fig.3 Overview of the SF-SQL framework for Text-to-SQL
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GRPO-based fine-tuning. Reinforcement learning such as Proximal
Policy Optimization (PPO) [30] and Direct Preference Optimization
(DPO) [31] has recently been adopted to fine-tune LLMs to improve
their task-specific capabilities. In particular, Group Relative Policy
Optimization (GRPO) [29] has emerged as a promising approach,
reducing memory overhead while achieving competitive performance
by optimizing trajectory groups rather than individual actions.
Traditional GRPO is primarily designed for single-round inference,
where multiple completions are generated per prompt and treated as
independent optimization instances. In contrast, stage-free Text-to-
SQL requires sequential reasoning, in which the validity of later
actions depends on earlier reasoning steps. Group-wise optimization
without modeling these dependencies can lead to inconsistent
learning signals and unstable policy updates. To overcome this
limitation, we extend GRPO to support reasoning—action trajectory
SF-SQL
trajectory synthesis method that generates multiple rollouts, and a

groups. Specifically, introduces a reasoning-action
trajectory pruning strategy to discard redundant or inconsistent
rollouts, retaining only coherent trajectories for optimization. This
stable policy learning over
temporally dependent reasoning sequences.

The detailed training procedure of SF-SQL is shown in Algorithm

extension enables effective and

1. Given a question ¢, the old policy m,, produces a group of
reasoning-action trajectories {7i,T»,...,Tg}. These trajectories are
then used to guide the policy update by maximizing the objective
defined below:

IR ECIT)
Joreo(d) =Eq~P(Q)[6 Z mln(g—Ai,

i=1 o (T[ | 9)
. m(Ti | q)
chp(ﬂ—%h1 Tl l-¢ 1+ e)Ai)
—,BDKL[”9||7Tref]]~ (6)

where 7., is the reference policy, G is a hyperparameter denoting
the number of reasoning-action trajectories sampled for each
question. € and S are hyperparameters that control the update step
and the divergence regularization, respectively. The advantage A; for
normalizing trajectory rewards within each group is defined as
follows:

_ ri—mean({r,ry,...,76})
' std({ry,r,...,76})

(M

The KL-divergence regularization term between the current policy

and the reference policy 7., is computed as:

ﬂref(Ti|q) ﬂ-ref(Ti|q)
D T ”nre = - - 8
bl =2 ) ) ®
Challenges. Two challenges arise when realizing such a

reinforcement learning method for the stage-free Text-to-SQL.

e High-quality trajectory synthesis. A trajectory consists of a
sequence of reasoning-action pairs produced by the LLM, and
its quality is critical for the effectiveness of reinforcement
learning [32-34]. In our context, GRPO requires multiple
trajectories per query to learn relative action preferences, and
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® Fine-grained reward design.
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insufficient differentiation among trajectories’ rewards can
degrade policy optimization. Therefore, it is important to
efficiently synthesize meaningful trajectories for LLM fine-
tuning.

Reinforcement learning is
sensitive to the quality of reward signals. Unlike end-to-end
supervised training, trajectory-based generation necessitates
assigning reward signals not only at the end (final SQL
correctness) but also throughout intermediate steps to guide
LLM

multiple reasoning and action segments. Accumulating them

reasoning. Furthermore, each trajectory contains
over long trajectories may exceed the LLM’s context window.
Thus,

conciseness to ensure effective learning signals without

reward design must balance correctness and

context overflow.

Algorithm 1: Training Process of SF-SQL

Input: Consistent training set R = {(Q;, Y,)}IN

o Reference
model myef; Policy model 7g;
Vector database V; Database engine D; Trajectory

expansion rate c.

Output: Optimized policy 7g.

1 foreach epoch do

10
1
12
13
14

17

18
19

20

21
22

// Trajectory synthesis

foreach mini-batch {(Q;,Y;)}M, c R do
// Generate G trajectories
Initialize buffer B « 0;

for k — 1to G do

Initialize trajectory 7} « [];
Generate action a; _; using 7g;
Append d] | to };

Store 7} into buffer B;

while the number of terminated trajectories in B is
less than G do
for k =1to G do
t=|7l;
if a;(’ , not Termination then
Remove 7} from B;
for j < 1tocdo

()

Generate action agmﬂ using 7g;

Store new trajectory ([7%, a?c,z+1 (f)])
in B;

Prune 8 using Algorithm 2;
// Compute advantage
foreach 7; € 8 do
Compute score r(‘r,i) using Eq. (10);
k r(ty) —mean({r(t}),...,r(t)})
! std({r(Tl’f), el r(‘r&)}) ’

// Update policy

Compute loss Jorpo(9) for mg;
Update 6 < 0 — u Vo( — Jarro(0));

23 return mg;
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B 3.2 Action design

Prior studies [15,18,27] typically decompose the Text-to-SQL task
into predefined stages with fixed sequences of actions. In contrast,
SF-SQL abstracts these stages into a set of actions that the model can
freely select at each reasoning step. We define these actions as
follows:

1. Similarity search: Search external information (e.g., database
descriptions) via vector-based similarity search.

2.S8QOL execution: Execute a candidate SQL query on the
database and return the execution result, offering feedback for
verifying correctness and guiding further reasoning.

3. Schema linking: ldentify and align entities from the input
question with relevant schema elements (tables, columns),
utilizing previous retrieval results, SQL execution results, and
contextual cues.

4. SQL generation: Generate a candidate SQL query based on
the reasoning context, incorporating the question’s semantics
and the linked schema information.

5. SQL fixing: Modify the SQL query in response to execution
feedback, addressing syntax errors or semantic mismatches
with the input question, such as incorrect conditions or
missing clauses.

6. Termination: Signal the end of the inference when the LLM
concludes the current SQL query sufficiently answers the
question. The final SQL query generated is then returned.

Our action design is guided by the intuitive steps that humans take
when solving Text-to-SQL problems. These actions constitute a
minimal and effective closed-loop action set that supports retrieval,
grounding, generation, verification, and refinement throughout the
stage-free reasoning process. Broadly, the actions fall into two
categories:

1. Tool-oriented actions include Similarity Search and SQL
Execution. These actions serve as interfaces for retrieving
similarity-based external information and database execution
feedback. Prior works [27,35] retrieve cell values directly
using Locality-Sensitive Hashing (LSH) [36] to support
value-aware linking. However, we avoid this approach due to
practical considerations. In real-world applications, database
values are frequently updated, and maintaining an external
index for values introduces additional synchronization costs
and complexity.

2. Reasoning-oriented actions include Schema Linking, SQOL
Generation, SQL Fixing, and Termination. These actions
reflect the core reasoning process that humans perform when
translating natural language questions into SQL, from
grounding question semantics in the schema to generating and
refining queries based on intermediate feedback. Prior
prompt-based methods [15,17,24] introduce other actions
such as Example Selection to retrieve few-shot examples from
the training set. However, such actions significantly increase
context length and are often incompatible with fine-tuning.

FCS-260238-YS 2026-08-17 09:13:23

Therefore, we deliberately avoid introducing this type of
action.

The action set is designed to be both operationally feasible and
sufficiently expressive to support stage-free Text-to-SQL generation.
Future work may explore incorporating additional actions to further
enhance reasoning flexibility. Such extensions, while potentially
beneficial, would likely introduce more intricate reasoning dynamics
that call for stronger planning and reasoning capabilities from the
LLM.

Action environment setup. To enable stage-free Text-to-SQL, SF-
SQL operates within a unified environment that integrates both
structured and unstructured information sources. This environment
provides tools and execution feedback, enabling the system to
perform retrieval, grounding, and verification within a single
interactive process. During execution, the environment serves as an
intermediary between the LLM and the underlying data sources.
Each operation, including retrieval, schema linking, and query
execution, is carried out through a unified interface. Environmental
feedback, such as database execution results, error messages, and
similarity search outputs, is dynamically incorporated into
subsequent reasoning steps, forming a closed-loop interaction
process that allows continuous refinement.

The environment is modularly designed with dedicated
components for schema management, query execution, and external
knowledge retrieval. Structured information is instantiated as JDBC-
which support both metadata

accessible relational databases,

extraction and query execution. Unstructured information is
vectorized and stored in a vector database, enabling semantic
retrieval of relevant external context to improve generation accuracy.
Here, the vector database is introduced solely to index the auxiliary
external information E, whereas the relational database D is reserved
for structured data access and SQL execution. We index only
metadata rather than building BM25 [37] or LSH [36] indexes over
raw database values, as this approach is impractical in large-scale
real-world systems. To ensure coherent reasoning, the environment
maintains contextual states that record retrieved entities, intermediate
results, and previous reasoning traces. These states are continuously
updated and validated to prevent inconsistencies caused by outdated
or conflicting information.

B 3.3 Reasoning-action trajectory synthesis

In the SF-SQL framework, the actions are specified in the prompt,
allowing the LLM to autonomously select the next action based on
the current reasoning context. This design avoids explicitly encoding
the entire pipeline and enables the model to flexibly explore
guided by feedback.
Nevertheless, the large exploration space of Text-to-SQL introduces

reasoning-action trajectories execution
challenges in generating high-quality reasoning trajectories. This
complexity arises not only from the wide range of available actions
the LLM can choose from at each step, but also from the
accompanying reasoning process that determines how and when
these actions should be applied. The combination of diverse action

types and multi-step reasoning leads to a highly combinatorial
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decision space, making effective trajectory synthesis and policy
learning more difficult.

As shown in Eq. (7), GRPO relies on relative preference
comparisons within trajectory groups to update the policy. A larger
group size G generally provides more robust estimates of the group-
wise reward statistics used for advantage normalization, but it also
incurs higher rollout cost and training resource consumption. In
practice, the effectiveness of GRPO depends not only on the group
size, but also on the quality of the sampled trajectories within each
group. If the trajectories within a group are uniformly poor, it
becomes difficult for the model to distinguish which reasoning path
is better, thereby weakening the effectiveness of relative policy
learning. Therefore, pruning low-quality or redundant trajectories
ensures that the retained examples provide strong training signals and
allow the model to learn meaningful distinctions in reasoning quality.
Furthermore, the step-by-step nature of the reasoning makes
inference computationally intensive, as each step involves sampling.
To mitigate these issues, we introduce a pruning strategy that prunes
useless trajectories at each reasoning step. This not only reduces
inference latency but also improves the quality of the resulting
reasoning data.

Consistency validation. High-quality reasoning—action trajectories
depend critically on the correctness of the supervision used for
synthesis. However, empirical studies [38] reveal that up to 49% of
examples in certain domains of the BIRD dataset [22] contain
annotation errors. If such erroneous annotations are used for
trajectory sampling, the synthesized reasoning paths will inevitably
reflect these inconsistencies, misleading the model to learn incorrect
reasoning patterns and degrading overall policy learning. As
illustrated in Fig. 4, an example with the question “list all movies
released in 1945 in ranked order” is incorrectly annotated with a SQL
query containing a LIMIT clause, which returns only a single result.
Such inconsistencies directly corrupt the trajectories derived from
them.

To mitigate this issue, we introduce a consistency validation
module, inspired by [39], before trajectory synthesis to ensure
alignment between the question and its reference SQL. For each
sample, the LLM independently evaluates the logical consistency
between the question and the SQL multiple times according to a set
of checking rules, and the final decision is made by majority voting.
The detailed prompt for consistency validation is provided in our
released code. Samples identified as inconsistent are filtered out,

# Question:
Name movie titles released in year 1945.
Sort the listing by the descending order of movie popularity.
# Gold SQL
SELECT movie_title FROM movies
WHERE
movie _release_year = 1945
ORDER BY movie_popularity DESC
LIMIT 1

SF-SQL: a stage-free text-to-SQL framework enhanced by reinforcement learning

ensuring that the subsequent trajectory synthesis is performed on a
reliable training set.

Prompt design. In our framework, we employ a prompt composed
of three main components: base instructions, format instructions, and
task-specific information. The base instructions include the definition
of the LLM’s role and a description of the task. To facilitate data
extraction, the format instructions specify constraints on the output
format. The task-specific information includes the input for each
task, such as the question, schema, and external information. The
overall prompt for trajectory synthesis is provided in Fig. 5.

Trajectory pruning. Constructing informative groups of trajectories
plays a vital role in GRPO training. Given that the framework
includes six distinct types of actions, each potentially associated with
an additional reasoning process, the decision space for the LLM is
substantially large. To prevent the model from arbitrarily sampling
actions during reasoning, it is necessary to evaluate each action step
and prune trajectories. As shown in Eq. (7), to make GRPO training
effective, the reward distribution across trajectories should exhibit
sufficient variance. If all rewards are similar, the resulting advantage
values A; approach zero, weakening the learning signal and impeding
policy optimization. Therefore, it is crucial to ensure that the rewards
of trajectories within each group maintain a certain degree of
diversity. Although pruning operates on partial trajectories based on
intermediate signals, the quality of these intermediate steps is
strongly correlated with the final task reward. This pruning process
ensures that the retained reasoning—action trajectories deliver
informative and reliable supervision, facilitating effective GRPO
policy learning.

For each reasoning—action step a; in a partial trajectory
T={p1.p2,-...P1}, we design a set of rule-based scoring functions to
evaluate the utility of each action. The scoring rules for different

You are an expert in Text-to-SQL tasks. For each reasoning step,
you may freely choose and output one of the following actions,
each enclosed in its corresponding tag:

# Action and Format Instructions:

- ‘<search>...</search>": Similarity Search...

- ‘<execute>...</execute>": SQL Execution...

- ‘<link>...</link>": Schema Linking...

- '<sql>...</sql>": SQL Generation...

- ‘<fix>...</fix>": SQL Fixing...

- ‘<answer>...</answer>": Termination...

# Output Example:

Please strictly follow the output example below:

<reasoning> This is the reasoning process. </reasoning>

<search> keywords </search>

<reasoning>...</reasoning>

<execute> SELECT order_date FROM orders LIMIT 5 </execute>

<answer> The final answer is \boxed{SELECT ...} </answer>
# Task Information:

Question: {question}

Evidence: {evidence}

Database Schema: {schema}

Fig. 4 An error case in the BIRD dataset
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types of actions are as follows:

1. Similarity search: Assign a score of 1 if the retrieved
metadata includes any table or column name that appears in
the ground truth SQL. Otherwise, assign a score of 0.

2. SOL execution: Assign a score of 1 if the execution result of
the current SQL query contains any keywords mentioned in
the question. Otherwise, assign a score of 0.

3. Schema linking: Let M,,, denote the set of table and column
names referenced in the ground truth SQL, and let M. be
the set of metadata linked by the model. The score is

computed as the ratio of correctly matched elements in M;ycq
|Mgotd "\Miineal
[Mgoual

to the total number of elements in M, i.e.,

4. SOL generation: Decompose both the generated SQL and the
ground truth SQL into structural clauses (e.g., SELECT,
WHERE, ORDER BY, JOIN ON). The score is computed as
the proportion of correctly matched clause types between two
SQL queries.

5. SQL fixing: If the revised SQL corrects errors in the original
version and aligns with the structure and semantics of the
ground truth SQL, assign a score of 1. Otherwise, assign a
score of 0.

6. Termination: Assign a score of 1 if the execution result of the
final SQL query exactly matches that of the ground truth
SQL. If the result is incorrect, assign a score of 0.

We aggregate the score of each action to compute the overall score
for the partial reasoning—action trajectory. Specifically, given a
partial trajectory 7 ={p1,02,...,0:} ={(h,a1),(hs,a2),...,(h,,a,)}, its
score is defined as the average of individual action scores:

13 t

e(?) = } D e(p) = }Ze(a»,

i=1 i=1

)

where e(a;) denotes the score assigned to the i-th action a; in the
partial trajectory 7. Here e(p;) reduces to e(a;) because the implicit
reasoning process h; is not directly executed or verified, whereas the
action a; yields observable feedback.

To construct a candidate group of G trajectories for GRPO
updates, we adopt a two-stage process: initial sampling followed by
In the
reasoning—action steps for each input question from the current

diversity-aware selection. first stage, we sample G

policy my,. Each action is evaluated using the intermediate scoring

function defined in Eq. (9). Since GRPO depends on relative

mput. Sci.

Algorithm 2: Trajectory Pruning

Input: Trajectory buffer 8; Target size G.

QOutput: Pruned buffer 8 of size G.

Compute each partial trajectory score e(-) in B using Eq. (9);
Partition B into G strata {8, ...,Bc} based on e(+);

-

[S)

3 while |8| > G do

4 p < |B|-G;

5 fori «— 1to pdo

6 Select an unterminated trajectory T € $; randomly;
7 Remove 7 from B;;

8 if ZiGzl |B;| < G then break;

9 B «— Ugl B;; // Merge
10 return 5;

preferences within trajectory groups, we select G trajectories that not
only span a wide reward range but also represent varied reasoning
patterns. Specifically, all candidate trajectories are sorted by their
scores, and a stratified sampling strategy is applied, as detailed in
Algorithm 2. This strategy partitions the score distribution into
discrete intervals and uniformly samples trajectories within each,
ensuring a balanced distribution of trajectory quality across the
group. Importantly, we avoid including all candidate trajectories, as
doing so would incur exponentially higher training costs and
introduce many trajectories that contribute little to learning.

By including trajectories with both high and low scores, this
selection strategy promotes variance in trajectory rewards, which
the
Maintaining

enhances effectiveness of advantage-based optimization.
such diversity encourages the model to better
differentiate between suboptimal and high-quality reasoning
behaviors, thereby improving both the stability and learning

efficiency of GRPO training.

Example 1. Fig. 6 presents examples of scoring rules for different
action types. For Similarity Search, the retrieved metadata correctly
includes CharterNum, which also appears in the ground truth SQL,
yielding a score of 1.0. For SOL Execution, the generated query
" SELECT cds, AvgScrWrite FROM satscores WHERE

AvgScrWrite = 499 " returns relevant results overlapping with
the query keywords, achieving a score of 1.0. In Schema Linking,
schools, satscores,
schools.CharterNum are correctly identified. However, some

three  relevant  elements: and

gold SQL elements are missing, resulting in a partial match (score
0.5). During SQL Generation, the model constructs most structural

Question: What is the charter number of the school that the average score in writing is 499?

Ground Truth SQL: SELECT T1.CharterNum FROM schools AS T1 INNER JOIN satscores AS T2 ON T1.CDSCode = T2.cds WHERE T2.AvgScrWrite = 499

Actions

Similarity search SQL Execution Schema linking
SELECT cds, AvgScrWrite FROM
Chartir number Charerum (@) |[WHERE AveScrWrte=499 schools
+ satscores
Charter school number || _p | | AveSerwiite ‘ schools. CharterNum
Charter -— 1 |49 g schools.CDSCode
Vector Charter funding type Databas satscores.cds
database aabase
Charter school (Y/N) satscores. AvgScrWrite
Score: 1.0 Score: 1.0

SQL Generation

Generated SQL
SELECT T1.CharterNum FROM schools

T1.CDSCode = T2.cds

0.5 SQL Segment SQL Segment Missing SQL|
SELECT...  ..INNER segment
FROM ... JOIN ... WHERE ...

ON...
Score: 0.67

AS T1 INNER JOIN satscores AS T2 ON

SQL Fixing

Generated SQL
SELECT T1.CharterNum FROM schools
AS T1 INNER JOIN satscores AS T2 ON
T1.CDSCode = T2.cds

Corrected SQL
SELECT T1.CharterNum FROM schools
AS T1 INNER JOIN satscores AS T2 ON
T1.CDSCode = T2.cds WHERE
T2.AvgScrWrite = 499 0

Score: 1.0

Termination
Generated SQL

SELECT

T1.CharterNum
FROM

schools AS T1
INNER JOIN

satscores AS T2

N

T1.CDSCode = T2.cds
Score: 0.0

Fig. 6 Examples of scoring rules for each type of action
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elements correctly (SELECT, JOIN) but omits the WHERE clause,
leading to a reduced score of 0.67. The subsequent SQL Fixing
successfully adds the missing condition
" T2.AvgScrWrite = 499 " aligning the revised SQL with the
ground truth and restoring a score of 1.0. Finally, in Termination, the

action

model outputs an incomplete SQL lacking the WHERE clause,
resulting in an incorrect final answer and a score of 0.0.

Illustration of reasoning—action trajectory synthesis. As illustrated
in Fig. 7, the trajectory synthesis process constructs and maintains a
fixed number of trajectory groups during GRPO training. In this
example, the number of retained trajectories in the group is set to two
(G =2). To better preserve reward diversity, we divide all candidate
trajectories into two strata based on their cumulative scores: high-
score and low-score groups. At each reasoning step, the model
samples multiple action candidates conditioned on the current
context and continuously updates the cumulative score for each
partial trajectory. Within the group, if multiple trajectories fall into
the same stratum, we randomly prune one of them to ensure that the
total number of retained trajectories remains equal to G. Only the
retained trajectories are expanded in the next reasoning step, while
pruned ones are discarded. This process continues until G trajectories
reach the termination action, at which point the rollout process stops.

As shown in Fig. 7, high-score trajectories are retained across
steps, while low-score ones are pruned during intermediate stages.
The resulting set of trajectories achieves both diversity and
consistency, forming informative groups for stable and efficient
GRPO optimization.

B 3.4 Reward design

The design of the reward function is crucial for aligning
reinforcement learning objectives with the target task. In Text-to-
SQL, the model must not only generate correct SQL but also follow
structured output formats and maintain efficiency within limited
context windows. A naive reward, such as a simple correctness
signal, fails to capture these multifaceted requirements, as it provides
sparse feedback and overlooks the reasoning quality essential for
reliable SQL generation. To address these limitations, we employ a
set of rewards that decompose supervision into complementary
signals. Specifically, the accuracy reward ensures that the model’s
outputs achieve functional correctness by directly comparing the
execution results of the database, the format reward enforces

structural  consistency in  reasoning—action representations,
o) ()

Action;,

. high—scoreD low-score 0 retained ° pruned

Illustration of the reasoning-action trajectory synthesis and trajectory

Fig. 7

pruning
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facilitating the reliable extraction of actions from the model’s output,
the intermediate reward provides feedback for each reasoning step,
improving learning efficiency and guiding the model to develop
coherent reasoning strategies, and the step reward regularizes
trajectory length, balancing performance and computational
efficiency.

This fine-grained reward design provides transparent, interpretable,
and computationally efficient supervision signals that are well suited
to iterative reasoning tasks, while avoiding the cost and noise
associated with model-based evaluators. The detailed designs are as

follows:

1. Accuracy reward: It measures correctness by executing the
predicted SQL on the target database and comparing the
results with the ground truth SQL, and follows the same
verification function V(Y .4, Y,) described in Section 4.1.

2. Format reward: Although LLMs generally follow the
instructions, they occasionally deviate from specified output
formats [40]. To facilitate reliable extraction of intermediate
reasoning steps, we introduce a format reward. Specifically,
each reasoning—action step is formatted by first enclosing the
natural within

language reasoning

<reasoning>...</reasoning> tags, followed by an

segment

action enclosed in its corresponding tag:
<search>...</search> for similarity search,
<execute>...</execute> for SQL execution,
<link>...</link> for schema linking,

<sql>...</sql> for SQL generation, <fix>...</fix>
for SQL fixing,
termination.

and <answer>... </answer> for

3. Intermediate reward: To enable the model to learn effective
reasoning processes, we assign reasoning scores to each
action taken by the model. The scoring mechanism for the
intermediate reward follows the same strategy used in
trajectory pruning, providing feedback that reflects the quality
and relevance of each reasoning step.

4. Step reward: Although SQL generation often involves

short

reasoning trajectories can incur higher inference costs and

relatively reasoning processes, excessively long
may exceed the LLM’s context window, preventing effective
inference. Hence, we introduce a step reward to encourage

concise reasoning trajectories.

The overall reward function r is defined as follows:

1-0.05-step, if SQL is correct

0.1 +e(1), if SQL is incorrect and format (10)
is correct

0, if SQL and format are incorrect.

We design a set of rule-based rewards comprising accuracy
reward, format reward, intermediate reward, and step reward. The
accuracy and format rewards are adopted to guide the model toward
producing semantically correct SQL queries and adhering to
structured output formats, respectively. In addition, we propose an
intermediate reward to assess the coherence and relevance of the
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model’s reasoning process. To control inference cost and ensure
compatibility with the LLM’s context window, we introduce a step
reward to discourage unnecessarily long reasoning-action sequences.
The coefficient 0.05 serves as a mild linear decay factor.

m 4 Experiments

B 4.1 Experimental setup

Datasets. To assess the performance of the proposed SF-SQL
framework, we conducted experiments on three well-recognized
datasets: BIRD [22], Spider [41], and BIRD Mini-Dev [22].

1. BIRD: A real-world, large-scale Text-to-SQL benchmark
comprising 12,751 queries over 95 large databases covering
37 professional domains. The dataset is divided into 9,428
training examples from 69 databases, 1,534 development
examples from 11 databases, and a held-out test set of 1,789
examples from 15 databases. Compared to Spider, BIRD
features more complex SQL constructs such as LEFT JOIN,
PARTITION BY, and functions like I/FF and ROUND.

2. Spider: A large-scale, complex, and cross-domain Text-to-
SQL dataset consisting of 10,181 natural language questions
and 5,693 unique complex SQL queries over 200 databases
spanning 138 domains. It is split into 8,659 training examples
from 146 databases, 1,034 development examples from 20
databases, and a held-out test set of 2,147 examples from 34
databases.

3. BIRD Mini-Dev: A subset of the BIRD development set,
comprising 500 high-quality examples from 11 databases,
collected based on community feedback. It is available in
SQLite, MySQL, and PostgreSQL formats. We translated it
into Oracle and SQL Server formats for further cross-dialect
evaluation.

After consistency validation, 8,622 of the original 8,659 Spider
training examples and 6,982 of the original 9,428 BIRD training
examples remain.

Evaluation metrics. We adopt Execution Accuracy (EX) [41] as the
evaluation metric to assess model performance. EX compares the
execution result of the predicted SQL query with the ground truth on
a given database. As multiple SQL queries may yield the same
answer for a question, EX focuses on execution equivalence rather
than syntactic similarity, providing a robust measure of semantic
correctness.

To verify the correctness of the predicted SQL Y,,.,, we compare
its execution results with the ground truth SQL Y,. A function
Exec(Y,D) is defined to return the execution results of the SQL
query Y on the database D. Additionally, we define a verification
function V(Y .4, Y,) to assess the correctness of the predicted SQL
V. If Exec(Y,.s D) = Exec(Y,, D), the predicted SQL correctly

answers the question, and V(Y,...Yy) =1, otherwise,
V(Y prea» Yer) = 0. The overall EX score is then computed as:
1 & . .
EX = Zl VY .y, (11)
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where N is the total number of examples.

Baselines. We choose some state-of-the-art LLM-based methods as
baselines, including (1) Prompt-based methods: DAIL-SQL, MAC-
SQL, CHESS, Distillery, PURPLE, MCS-SQL, SuperSQL, and DIN-
SQL, and (2) Fine-tuned methods: SFT, CodeS, and Reasoning-SQL:

1. DAIL-SQL [15]: The DAIL-SQL selects relevant examples
based on question and query similarities and encodes database
schema in code style to include full database schema
information.

2. MAC-SQL [42]: The MAC-SQL of three
collaborative agents. The Decomposer splits questions into

consists

sub-questions for chain-of-thought reasoning. The Selector
prunes the schema to remove irrelevant information. The
Refiner uses external tools to correct SQL errors.

3. CHESS [18]: The CHESS employs four specialized agents:
Information Retriever, Schema Selector, Candidate Generator,
and Unit Tester to tackle key challenges such as data retrieval,
schema pruning, query generation, and validation.

4. Distillery [43]: An approach leveraging LLM to bypass
schema linking when the schema fits within the context
window, employing augmentation, selection, and correction to
improve accuracy.

5.PURPLE [24]: A retrieval-based approach that fetches

with  the logical  operator

compositions for Text-to-SQL, guiding LLMs to produce

demonstrations required
accurate SQL translations.

6. MCS-SQL [17]: The MCS-SQL leverages multiple prompts
and a multiple choice selection mechanism in three steps:
schema linking, generating multiple SQL queries, and
selecting the optimal one.

7. SuperSQL [44]: The SuperSQL integrates techniques such as
schema linking, multi-step reasoning, and self-consistency to
optimize SQL query generation.

8. DIN-SQL [16]: A decomposed in-context learning framework
that sequentially applies schema linking, query classification
and decomposition, intermediate representation guided SQL
generation, and a self-correction module to substantially boost
LLM performance on Text-to-SQL.

9. SFT: The SFT leverages a carefully designed prompt used for
supervised fine-tuning. The prompt requires LLM to follow
the instruction and generate SQL for the question.

10. CodeS [19]: The CodeS builds upon the open-source LLM
StarCoder [45], undergoing incremental pretraining and
supervised fine-tuning to ultimately achieve a Text-to-SQL
domain-specific LLM with sizes of 1B, 3B, 7B, and 15B.

11. Reasoning-SQL [21]:
Optimization (GRPO), incorporating partial rewards for

It introduces Group Relative Policy

schema linking, SQL syntax validity, n-gram similarity, and
execution accuracy to enhance Text-to-SQL generation.

Experimental settings. In all of our experiments, we use the 7B
version of Qwen2.5-Coder-Instruct [46] as the base model and adopt
the verl framework [47] for reinforcement learning. For consistency
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validation, which does not require fine-tuning, we employ the
Qwen2.5-Coder-32B model [46] to ensure high reliability. A
pretrained embedding model, denoted as all-MiniLM-L6-v2 [48], is
used to generate vector representations, which are stored in Chroma
[49]. All experiments are conducted on 8 NVIDIA A100 (80GB)
GPUs, and rollout generation is accelerated using vLLM [50].

For training the model with GRPO, we set the temperature to 0.6,
the learning rate to Se-6 with a warm-up ratio of 0.3%, and the batch
size to 16. The model is trained for 3 epochs with the number of
trajectories per group G =8 and the expansion rate ¢ = 2. For SFT,
we use a learning rate of 5e-6, a batch size of 16, and 1 epoch.

H 4.2 Overall performance

The overall results on the BIRD and Spider datasets are reported in
Table 1 and Table 2, respectively. On BIRD, Reasoning-SQL reports
two BIRD results with different backbone models, namely Qwen2.5-
7B and Qwen2.5-Coder-7B, and we include both here for
SF-SQL 69.23% execution accuracy,
surpassing CHESS and Reasoning-SQL, the latter also using GRPO
for reinforcement learning fine-tuning. On Spider, SF-SQL reaches

completeness. attains

88.73% execution accuracy, showing consistent improvements over
strong baselines. In particular, it exceeds Reasoning-SQL by 10.01%.
Despite being based on a relatively compact 7B-scale open-source
model, SF-SQL surpasses baselines utilizing larger-scale LLMs such
as GPT-4 and CodeS-15B. SF-SQL attains the second-best results on
the Spider dataset, falling slightly short of MCS-SQL. This is mainly
because many tables in Spider are sparsely populated or even empty,
which limits the environmental feedback our framework depends on.
However, on the more realistic BIRD dataset, our framework

Table 1 Performance comparison of different Text-to-SQL
methods on BIRD dev set

Method Model EX/%
DAIL-SQL [15] GPT-4 54.76
MAC-SQL [42] GPT-4 59.39
CHESS [18] GPT-4 68.31
Distillery [43] GPT-40 67.21
PURPLE [24] GPT-40 62.97
PURPLE+RED [24] GPT-40 68.12
MCS-SQL [17] GPT-4 63.36
SuperSQL [44] GPT-4 58.50
DIN-SQL [16] GPT-4 55.90
CodeS [19] CodeS-15B 58.47
Reasoning-SQL [21] Qwen2.5-7B 68.05
Reasoning-SQL [21] Qwen2.5-Coder-7B 66.12
Qwen2.5-Coder-7B [46] Qwen2.5-Coder-7B 48.50
Qwen2.5-Coder-7B SFT [46] Qwen2.5-Coder-7B 39.89
SF-SQL Qwen2.5-Coder-7B 69.23

SF-SQL: a stage-free text-to-SQL framework enhanced by reinforcement learning

Table 2 Performance comparison of different Text-to-SQL
methods on Spider test set

Method Model EX/%
DAIL-SQL [15] GPT-4 86.60
MAC-SQL [42] GPT-4 82.80
CHESS [18] GPT-4 87.20
MCS-SQL [17] GPT-4 89.60
SuperSQL [44] GPT-4 87.00
DIN-SQL [16] GPT-4 85.30
CodeS [19] CodeS-15B 84.90
Reasoning-SQL [21] Qwen2.5-Coder-7B 78.72
Qwen2.5-Coder-7B [46] Qwen2.5-Coder-7B 74.43
Qwen2.5-Coder-7B SFT [46] Qwen2.5-Coder-7B 72.61
SF-SQL Qwen2.5-Coder-7B  88.73

significantly outperforms MCS-SQL. This demonstrates that our
method effectively unlocks greater reasoning and execution
capabilities from relatively smaller-scale models. Besides, we
observe the decline in performance with SFT of Qwen2.5 on both
datasets. This can be attributed to the fact that the training data has
already been included during the Qwen2.5-Coder’s post-training
phase. As a result, SFT provides no gains and can potentially hinder
generalization.

To further examine the impact of query complexity, we report the
performance across different difficulty levels on BIRD in Table 3.
SF-SQL achieves competitive performance across all difficulty
levels, attaining the best results on simple and challenging queries. In
SF-SQL reaches 61.1% on challenging queries,
outperforming the strongest baseline CHESS by 1.8% and
substantially surpassing Reasoning-SQL by 14.9%. These results

particular,

provide further evidence that the stage-free framework is especially
beneficial for more complex SQL queries, where flexible multi-step
reasoning and iterative revision are more critical.

H 4.3 Cross-dialect performance
To evaluate the cross-dialect generalizability of SF-SQL, we conduct
experiments on the BIRD Mini-Dev set across five SQL dialects:

Table 3 Performance across different difficulty levels on BIRD

Method Simple = Moderate  Challenge All
MAC-SQL 65.7 52.7 40.3 59.4
CHESS 73.5 63.0 59.3 68.3
MCS-SQL 70.4 53.1 51.4 63.4
SuperSQL 66.9 46.5 43.8 58.5
CodeS 65.8 48.8 424 58.5
Reasoning-SQL 71.6 53.7 46.2 64.0
SF-SQL 74.2 61.9 61.1 69.2
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SQLite, MySQL, PostgreSQL, Oracle, and SQL Server. We compare
the base and SFT models to clearly isolate and highlight the
performance gains brought by SF-SQL on different dialects.

The original BIRD Mini-Dev benchmark provides SQLite,
MySQL, and PostgreSQL versions. To further extend the evaluation
to Oracle and SQL Server, we construct corresponding versions of
the dataset based on the original SQLite data. Specifically, we first
migrate the databases from SQLite to Oracle and SQL Server. We
then translate the SQL queries using a parser-based translation
approach. When the translation approach fails, we use an LLM as a
fallback. To verify correctness, we execute each translated SQL
query on both the original SQLite database and the target
Oracle/SQL Server database, and compare whether the execution
results are consistent. If the results are fully consistent, we regard the
translation as successful. Otherwise, we further ask the LLM to judge
whether the discrepancy is caused by format differences rather than
translation errors. Using this pipeline, we successfully translate 498
SQLite SQL queries into Oracle and SQL Server, and manually
correct the final 2 cases.

According to the results in Table 4, the baseline Qwen2.5-Coder-
7B model achieves an execution accuracy (EX) of 46.00% on
SQLite, but drops to 35.00% on MySQL, 37.40% on PostgreSQL,
39.40% on Oracle, and 35.20% on SQL Server, revealing a clear
training stage bias toward SQLite. In contrast, SF-SQL achieves EX
of 65.00%, 54.00%, 55.40%, 56.80%, and 52.20% on SQLite,
MySQL, PostgreSQL, Oracle,
Compared with the base model, this corresponds to absolute gains of
19.00%, 19.00%, 18.00%, 17.40%, and 17.00% on the five dialects.
These results demonstrate that SF-SQL consistently delivers

and SQL Server, respectively.

substantial improvements across diverse SQL dialects, underscoring
its robustness and effectiveness in cross-dialect environments.

W 4.4 Effectiveness of consistency validation

To further assess the effectiveness of our consistency validation
process, we employ a community-curated correction set for 500
examples from the BIRD Mini-Dev [22]. Examples identified as
containing errors are each annotated with exactly one of eight
correction types, indicating the nature of the error. For our
evaluation, we treat three correction types: fix question_and sql,

fix_sql, and fix_evidence as negative examples, as they correspond to

genuine logical faults. The remaining types, which mainly involve
superficial edits or clarification (e.g., rewording, schema hints), along

Table 4 Execution accuracy (%) on BIRD Mini-Dev

Database =~ Qwen2.5-Coder-7B Qwen2.5-Coder-7B SFT SF-SQL
SQLite 46.00 33.40 65.00
MySQL 35.00 32.20 54.00
PostgreSQL 37.40 33.00 55.40
Oracle 39.40 33.60 56.80
SQL Server 35.20 30.80 52.20
Average 38.60 32.60 56.48

with examples that require no correction, are treated as positive
examples. We deployed the Qwen2.5-Coder-32B model across two
NVIDIA A100 (80GB) GPUs. Notably, this consistency validation is
a one-time offline preprocessing step applied before model training
and therefore introduces no additional inference-time overhead. The
comprehensive consistency validation of the BIRD training dataset
took approximately 8 hours.

As shown in Table 5, the module achieves a recall of 0.85, a
precision of 0.91, and an F, score of 0.88, accurately identifying the
majority of real logical errors while keeping false positives at a low
level, demonstrating its potential for practical deployment in
automated SQL debugging. Training data containing a moderate
amount of noise can still be beneficial to model performance, as
demonstrated in prior studies. However, excessive noise may lead to
performance degradation [51-53]. The consistency validation module
helps mitigate the impact of noisy data in Text-to-SQL datasets by
identifying and filtering out incorrect examples.

B 4.5 Inference cost analysis
To better understand how query difficulty influences the inference
cost of SF-SQL, we examine its impact on two key aspects: the
number of reasoning steps and the response token length. Since the
GPT-4 API was unavailable during our evaluation, we use GPT-40
for this analysis. Results are reported in Table 6. We observe that the
average number of reasoning steps increases from 3.5 for simple
questions to 5.6 for moderate ones and 7.2 for challenging ones, with
an overall mean of 4.5. This indicates that more difficult queries
require deeper reasoning and more intermediate steps before
producing the final SQL. Correspondingly, the average response
length exhibits a substantial increase, rising from 1.2k for simple
queries to 2.2k for moderate ones and 7.8k for challenging ones, with
an overall average of 2.1k. This trend suggests that an increased
number of reasoning steps often leads to more verbose responses, as
the model tends to generate longer thinking traces and explore more
actions to handle complex queries.

As further shown in Fig. 8, SF-SQL maintains a relatively concise
response length compared with representative baselines. In particular,
on both simple and moderate queries, SF-SQL produces fewer tokens

Table 5 Performance of consistency validation on BIRD Mini-Dev
Correction

Predicted Metrics

Total
P N Recall Precision F; Score
361 66

Actual 0.85 0.91 0.88
37 34

Table 6 The average response length and the number of reasoning
steps across different difficulty levels on BIRD

Method Simple  Moderate  Challenge All
Token length 1.2k 2.2k 7.8k 2.1k
Reasoning steps 3.5 5.6 7.2 4.5

FCS-260238-YS 2026-08-17 09:13:23

Frontiers of Computer Science | Issue X | Volume 21 | June 2026 | -11

20

40

45

50



v

v

(1

Yang SONG et al.
18 000 - [ == MCS-SQL
=1 MAC-SQL
g 130004 == CHESS
ED 12 000 - = Reasoning-SQL
= == SF-SQL
@ 9 000 -
£ 6000
o th
0 T T T .
Simple Moderate Challenging Average

Difficulty level

Fig. 8 Inference cost across different difficulty levels on BIRD

than Reasoning-SQL. We attribute this difference to the fact that
Reasoning-SQL follows the CHASE-SQL [27] pipeline, where a
single query may involve multiple rounds of generation, thereby
increasing the overall token consumption even for relatively easier
cases. In contrast, SF-SQL adopts a stage-free process, which allows
the model to flexibly decide the next action according to the current
context and terminate earlier when sufficient information has been
obtained. These observations suggest that SF-SQL achieves a
favorable trade-off between inference cost and reasoning flexibility.

W 4.6 Ablation study

We conduct an ablation study on the BIRD dataset to assess the
contribution of different components in SF-SQL. The study includes
the base model Qwen2.5-Coder-7B, its supervised fine-tuned variant
(SFT), and several configurations of SF-SQL. Specifically, we
evaluate the full model, as well as the versions without consistency
validation, without trajectory pruning, and without each of the
different rewards (i.e., accuracy, format, intermediate, and step).

As shown in Table 7, full SF-SQL achieves the best performance.
Removing the consistency validation module results in a 2.22% drop
in execution accuracy (EX), and omitting the trajectory pruning
significantly impacts performance, causing EX to drop to 64.99%,
confirming the importance of pruning for stable reinforcement policy
optimization.

Finally, examining the contributions of individual components

within the composite reward function provides further insight into

Table 7 Ablation study on BIRD

Method EX/%

Qwen2.5-Coder-7B 48.50
Qwen2.5-Coder-7B SFT 39.89
SF-SQL ALL 69.23

SF-SQL w/o Consistency Validation 67.01 (| 2.22)
64.99 (1 4.24)
64.54 (1 4.69)
68.12 (1 1.11)
67.47 (1 1.76)

64.54 (| 4.69)

SF-SQL w/o Trajectory Pruning
SF-SQL w/o Reward uccuracy)
SF-SQL w/o Reward, ;)
SF-SQL w/o Reward ;e mediare)
SF-SQL w/o Reward,,,
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their roles. Excluding the accuracy or step rewards leads to a
substantial decline in performance, with execution accuracy dropping
to 64.54%, representing a 4.69% decrease, and to 64.54%,
representing a 4.69% decrease, respectively. The accuracy reward
directs the policy toward correct final execution, while the step
reward enforces structured, progressive decomposition by crediting
only intermediate transitions that make measurable forward progress
and penalizing redundant or stagnant moves. Omitting either signal
weakens the formation of reliable reasoning trajectories. In contrast,
format and intermediate rewards function as auxiliary signals. Format
reward helps enforce the surface-level structure of the query, while
intermediate reward provides additional local guidance on substeps.
Removing them leads to slight drops in accuracy, with scores
decreasing to 68.12%, a reduction of 1.11%, and 67.47%, a reduction
of 1.76%, respectively.

H 4.7 Case study

A case study of SF-SQL on the BIRD dataset is illustrated in Fig. 9,
which involves generating a SQL query to retrieve the highest
eligible free rate for K-12 students in schools located in Alameda
County.  SF-SQL initially query
"County Name" = 'Alameda County'. However, this query

constructs  a using
returns null, suggesting that the filter condition may not match any
existing records. To address the issue, SF-SQL examines whether
any records exist for 'Alameda County' and finds none. It then
inspects the distinct entries under "County Name" and discovers
that the actual value for Alameda County is 'Alameda’. Finally,
SF-SQL fixes the query with the corrected filter condition.
SF-SQL applies an filter
"County Name" = 'Alameda County'. By

initially incorrect condition,
leveraging

execution feedback from the database, it detects the mismatch and

Question: What is the highest cligible free rate for K-12 students in the schools in Alameda County?
Evidence: Eligiblc free rate for K-12 = “Free Meal Count (K-12)” [ “Enrollment (K-12)”

3

Schema: 1

Jfrpm(CDSCode,
“Academic Year”,
“Academic Year”,

(@

Reasoning:

Detailed reasoning process.

Execute SQL:

SELECT MAX(“Free Meal Count (K-12)"/ “Enrollment (K-12)”)
AS HighesiEligibleFreeRate FROM fipm WHERE “County Name”
= ‘Alameda County’:

Execution Result: T

Null v

Reasoning:

Check if there are any records available for Alameda County.
Execute SQL:

SELECT COUNI(*) AS TotalRecords FROM frpm WHERE
“County Name” = ‘Alameda County’;

Execution Result: l

Reasoning:
To ensure that whether the issue is specific to Alameda County.
Execute SQL:

I

Execution Result: SELECT DISTINCT “County Name” FROM fipm;

Alameda [

Alpine - v

At Reasoning: »
The value for Alameda County in the database is “Alameda’.
Fixed SQL:

SELECT MAX(*Free Meal Count (K-12)"”/ “Enrollment (K-12)”)
AS HighestLligibleFreeRate FROM frpm WHERE “County Name ™
= ‘Alameda’;

Execution Result: i

|

Reasoning:

The highest eligible free rate for K-12 students in the schools in

Alameda County is 1.0.

Final SQL:

SELECT MAX(*“Free Meal Count (K-12)” / “Enrollment (K-12)”)

AS HighestEligibleFreeRate FROM frpm WHERE “County Name”
‘Alameda’;

Fig. 9 A case study of SF-SQL on BIRD
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inspects the values in the "County Name" column, correcting the
condition to "County Name" = 'Alameda'. The revised SQL
successfully returns the desired result. This case demonstrates the
ability of SF-SQL to utilize environmental feedback to refine its
predictions contextual self-correction

through reasoning and

iteratively.

E 5 Related work

Text-to-SQL. Early Text-to-SQL studies rely on hand-crafted rules
or semantic parsers to interpret natural language [54-56]. While
interpretable, they generalize poorly and incur high maintenance
costs. To address these limitations, neural network models are
introduced [9,57-58], particularly sequence-to-sequence models.
Transformer-based models such as BERT [6], BART [59], and T5
[60] have been used to improve Text-to-SQL performance by
enhancing the model’s ability in capturing question-schema
semantics [61-63].

LLMs further improve Text-to-SQL performance, driven by their
strong reasoning capabilities and broad general-purpose knowledge.
However, existing LLM-based methods [15-17,24] rely on multi-
stage pipelines incorporating techniques such as chain-of-thought
prompting, retrieval augmentation, and execution feedback. For
example, MCS-SQL [17]
candidate generation, and few-shot selection to improve accuracy and

combines schema linking, multiple

robustness. While reinforcement learning has also been explored
[9,64], it is applied to stages within fixed pipelines. For instance,
Reasoning-SQL [21] follows the CHASE-SQL pipeline [27]. It still
lacks flexibility and relies on task-specific modular designs and
manual prompt engineering.

RL for LLMs. Reinforcement learning has become increasingly
popular in training LLMs. For example, Reinforcement Learning
from Human Feedback (RLHF) notably improves the LLM’s
instruction-following capabilities, as validated in InstructGPT [40].
Other RL strategies such as Direct Preference Optimization (DPO)
[31], Reinforcement Learning from Al Feedback (RLAIF) [65], and
Group Relative Policy Optimization (GRPO) [29] have further
enhanced LLM training by improving model alignment, safety, and
scalability. These RL-based methods are widely adopted in modern
LLMs such as OpenAl’s ol [23], DeepSeek-R1 [29], and QwQ [66].

The quality of training data is crucial in RL fine-tuning of LLMs
[32-34]. Factors such as data diversity and preference pair quality
have been shown to directly impact the model performance.
Although Text-to-SQL shares similarities with general reasoning
tasks in terms of question comprehension, instruction following, and
response generation, it introduces distinct challenges, particularly
regarding the evaluation of training data quality and the design of
reward signals.

m 6 Conclusion

In this paper, we present SF-SQL, a stage-free Text-to-SQL
framework enhanced by reinforcement learning. Instead of following
a rigid, predefined pipeline, SF-SQL formulates SQL generation as a
flexible sequence of reasoning-action steps, enabling dynamic

FCS-260238-YS 2026-08-17 09:13:23

decision-making guided by environmental feedback, which improves
model performance. To support effective policy learning over a large
and diverse action space, we introduce a trajectory pruning strategy
that discards uninformative samples while preserving diverse, high-
quality reasoning-action trajectories. We further design a fine-
grained reward mechanism that combines final and intermediate
signals, providing rich supervision without incurring additional
inference overhead. Extensive experiments on Spider and BIRD
benchmarks show that SF-SQL achieves high accuracy. Furthermore,
cross-dialect evaluations on SQLite, MySQL, PostgreSQL, Oracle,
and SQL Server confirm its robustness and generalization across
heterogeneous database environments. These results highlight the
potential of reinforcement learning to improve the reasoning
capabilities of LLMs for Text-to-SQL.
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