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Abstract

Current Text-to-SQL reasoning models often
lack integrated execution feedback during gen-
eration, and most existing approaches utilize
feedback only for post-hoc correction. This
separation not only limits real-time error cor-
rection, but may also introduce mistakes by
altering otherwise correct SQL queries. To ad-
dress these challenges, we present ReEx-SQL
(Reasoning with Execution-Aware Reinforce-
ment Learning), a Text-to-SQL framework that
interacts with the SQL execution engine dur-
ing decoding and dynamically adjusts reason-
ing based on execution feedback, thereby en-
abling context-sensitive query refinement and
improved accuracy. ReEx-SQL achieves this
through structured prompts with markup tags
and a stepwise rollout strategy that incorporates
execution feedback at each generation stage.
For policy supervision, we design a compos-
ite reward function—featuring an exploration
reward—to explicitly encourage effective inter-
action with the database. Furthermore, ReEx-
SQL adopts a tree-based decoding strategy to
facilitate exploratory reasoning and primarily
aims to enhance parallel decoding efficiency.
Notably, ReEx-SQL achieves 89.1% accuracy
on Spider and 65.3% on BIRD at the 7B scale,
surpassing baseline models by 2.7% and 2.6%,
respectively. In addition, its tree-based decod-
ing accelerates inference by 51.9% compared
to linear decoding during sampling.

1 Introduction

The Text-to-SQL task aims to map natural lan-
guage questions to executable SQL queries over
a given database (Liu et al., 2024a). It plays a
critical role in the building intelligent agents, re-
quiring precise reasoning over user intent, database
schema, and SQL logic (Zhang et al., 2024; Liu
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†Corresponding authors.

et al., 2024b,a). Recent advances in large language
models (LLMs) have significantly improved Text-
to-SQL performance (Li et al., 2025a; Gao et al.,
2024b; Li et al., 2024a), especially with the use of
Chain-of-Thought (CoT) (Wei et al., 2022), which
decomposes the generation process into intermedi-
ate steps to better handle complex queries. (Pour-
reza and Rafiei, 2023; Talaei et al., 2024; Chu et al.,
2024; Zhang et al., 2023; Zhai et al., 2025). How-
ever, as illustrated in Figure 1, CoT-based stan-
dard reasoning still exhibit significant limitations.
Specifically, LLMs relies solely on static context
and its own reasoning capacity during generation,
lacking mechanisms to verify or revise intermedi-
ate decisions. As a result, error accumulation from
incorrect reasoning steps that the model cannot self-
correct (Hsieh et al., 2023; Liu et al., 2025a), which
further leads to: (1) syntactic errors due to the ab-
sence of execution validation (Zhai et al., 2025; Liu
et al., 2025c; Chen, 2025); and (2) semantic mis-
alignment, where the generated SQL fails to faith-
fully reflect the user’s intent (Shen et al., 2025a;
Tyen et al., 2024; Xu et al., 2025).

Recent studies mainly use two strategies to miti-
gate reasoning errors: (1) improving CoT reason-
ing, often via reinforcement learning, but this does
not fundamentally resolve the issue, as the lack of
execution feedback during reasoning leaves mod-
els prone to semantic and syntactic errors (Li et al.,
2025a; Lyu et al., 2025; Zhu et al., 2025; Liu et al.,
2025a; Zhang et al., 2023; Zhai et al., 2025; Wang
et al., 2025b); and (2) adding post-decoding veri-
fication to fix errors by using execution feedback,
which can unintentionally modify correct predic-
tions and introduce new mistakes (Pourreza et al.,
2024; Wang et al., 2023; Pourreza and Rafiei, 2023;
Qin et al., 2024). Notably, Tyen et al. (2024) found
that DIN-SQL introduced 113 additional errors dur-
ing the SQL correction process on BIRD.

To address these challenges, we propose ReEx-
SQL, an end-to-end framework that combines CoT-
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(a) Standard Reasoning: One-pass reasoning without interaction or validation.

(b) Execution-Aware Reasoning (Our): Interactive reason guided by execution feedback.
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Figure 1: Standard reasoning vs. Execution-aware reasoning. Standard reasoning (e.g., Chain-of-Thought) generates
a reasoning path without validation, leading to error accumulation and misalignment. In contrast, execution-aware
reasoning uses the Generate-Verify-Refine paradigm to validate each step and fix errors via execution feedback.

based multi-step reasoning with direct execution
feedback throughout the decoding process. Unlike
previous methods that only enhance reasoning or
treat verification as a separate post-processing step,
ReEx-SQL enables model to interact with database
at each reasoning stage, using execution results to
iteratively validate and refine its intermediate SQL
queries. This dynamic, feedback-driven process
continues until the final SQL query is produced,
as shown in Figure 1. To realize this, we extend
the Grouped Reinforcement Policy Optimization
(GRPO) (Shao et al., 2024) algorithm—enabling
multi-round, execution-guided rollouts—and intro-
duce masking of execution feedback to enhance
training stability. We further design structured
prompts with explicit markup tokens, maximizing
interpretability and control. To counteract reward
sparsity and potential reward hacking, a compos-
ite reward scheme comprising format, execution,
exact match, entity match, and exploration is em-
ployed for comprehensive guidance. Finally, by
adopting a tree decoding strategy, ReEx-SQL adap-
tively expands promising reasoning paths, boosting
accuracy and reducing per-sample inference time
by 51.9% over conventional linear decoding.

• We propose ReEx-SQL, an end-to-end frame-
work that incorporates execution feedback to
iteratively refine reasoning and adopts tree de-
coding for broader and faster inference.

• We improve training by extending GRPO for
execution-aware rollouts, stabilizing with feed-
back masking, and jointly optimizing SQL qual-
ity and semantics using composite rewards.

• ReEx-SQL-7B achieves strong execution accu-
racy (EX) on both in-domain (89.1% Spider,

65.3% BIRD) and cross-domain benchmarks
(85.5% Spider-Realistic, etc.). Compared to
standard reasoning, it boosts EX by 2.6% and
reduces syntax errors from 4.5% to 1.9%.

2 Related Work

2.1 LLM Reasoning in Text-to-SQL
With the rapid development of large language
models, recent research on text-to-SQL has fo-
cused on enhancing model reasoning abilities (Liu
et al., 2024b; Talaei et al., 2024; He et al., 2025;
Xie et al., 2025). A common approach is super-
vised fine-tuning, which distills the powerful rea-
soning capabilities of closed-source models into
smaller ones, as seen in methods like ROUTE-
SQL (Qin et al., 2024), Omni-SQL (Li et al.,
2025b) and PARSQL (Dai et al., 2025). An-
other line of work, such as ExCoT (Zhai et al.,
2025) and EllieSQL (Zhu et al., 2025), lever-
ages execution results to select positive and neg-
ative samples for Direct Preference Optimization
(DPO) (Rafailov et al., 2023). More recently, meth-
ods like reasoning-SQL (Pourreza et al., 2025),
SQL-R1 (Ma et al., 2025b), Think2SQL (Papicchio
et al., 2025), and Arctic-Text2SQL-R1 (Yao et al.,
2025) have adopted GRPO-based reinforcement
learning (RL) to further improve reasoning. How-
ever, although reinforcement learning enhances rea-
soning quality, these approaches still lack execu-
tion feedback, which limits their ability to generate
fully executable SQL queries that are consistent
with database content.

2.2 Execution Feedback in Text-to-SQL
Execution feedback is a crucial external signal for
enhancing LLM reasoning (Tyen et al., 2024). In
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text-to-SQL, it is primarily used for post-hoc self-
correction or self-consistency, where execution re-
sults revise or filter generated SQL (Shen et al.,
2025a; Gao et al., 2024a; Dong et al., 2023). Re-
cent work explores execution-guided selection dur-
ing inference, such as Query and Conquer (Borch-
mann and Wydmuch, 2025), which applies partial
execution checking via the PipeSQL dialect. By
contrast, in other domains, execution feedback is di-
rectly integrated into LLM reasoning (Zhang et al.,
2025), with RL strengthening model–tool interac-
tion for tasks like code execution (Qian et al., 2025)
and information retrieval (Jin et al., 2025; Chen
et al., 2025; Song et al., 2025). Although some
prior work in text-to-SQL explores tool-based in-
teraction (Yang et al., 2023), these approaches are
typically modular, leaving end-to-end, RL-driven
interactive methods underexplored. To bridge this
gap, we propose ReEx-SQL, which integrates the
SQL executor directly into the model’s reasoning
process. By leveraging the fact that both tool inputs
and model outputs are SQL, ReEx-SQL adopts a
generate–verify–correct feedback paradigm. Un-
like prior modular self-correction methods (Talaei
et al., 2024; Pourreza and Rafiei, 2023), ReEx-
SQL incorporates execution feedback during rea-
soning, reducing the risk of incorrectly modifying
correct SQL. This end-to-end feedback mechanism
extends the applicability of execution feedback and
introduces a new paradigm for structured query.

3 Methodology

End-to-end reinforcement learning with execution
feedback for multi-step reasoning poses several
key challenges: (1) ensuring stable RL training; (2)
preventing reward hacking; and (3) maintaining ef-
ficient tool-integrated reasoning. To address these,
we improve the GRPO algorithm for multi-turn rea-
soning with masked tool outputs, introduce custom
rollout templates for better control, design com-
posite reward functions, and refine the decoding
strategy to enhance efficiency and output quality.

3.1 Execution-Aware Reinforcement Learning

To ensure stable reinforcement learning train-
ing with execution feedback, inspired by related
work (Jin et al., 2025; Chen et al., 2025; Song et al.,
2025), we enhance GRPO algorithm (Shao et al.,
2024) by introducing a SQL executor E into the
model reasoning during the rollout process. When
the model generates a tool-call token, we interrupt

generation, extract and execute the SQL, and ap-
pend the feedback to the context. This adaptive
process continues automatically until the model
outputs a final SQL, without needing a preset num-
ber of interactions. Since execution feedback is
externally generated, we mask these tokens during
loss computation to ensure that policy updates are
based only on model outputs.

Formally, given an existing policy πθold and a ref-
erence policy πθref , for each input x sampled from
the data distribution D, Unlike standard methods,
we generate G rollouts τ = {yi}Gi=1, where each
yi is drawn from πθold(·|x; E). Here, E denotes the
SQL executor, and each rollout yi can be inter-
preted as πθold(·|x) ⊗ E , where ⊗ represents the
interleaved process, detailed explanations are pro-
vided in Section 3.2. Multi-turn execution-aware
reinforcement learning aims to update the policy
πθ by maximizing the following objective:

J (θ) = Ex∼D,{yi}Gi=1∼πθold
(·|x;E)

[
1

G

G∑

i=1

(
min

(
πθ(yi|x; E)
πθold(yi|x; E)

Ai, clip

))
− β DKL

]
,

clip = clip
(

πθ(yi|x; E)
πθold(yi|x; E)

, 1− ϵ, 1 + ϵ

)
Ai, (1)

where Ai =
(
Ri −mean

(
{Rj}Gj=1

)) /
std

(
{Rj}Gj=1

)

denotes advantage of the i-th rollout, with reward
Ri, clipping ratio ϵ, and KL loss coefficient β.

3.2 Rollout for Execution-Aware Reasoning

To enable execution-aware reasoning, ReEx-SQL
adopts a stepwise rollout mechanism that integrates
SQL execution feedback directly into the genera-
tion process. As illustrated in Figure 2, ReEx-SQL
employs structured prompts with markup tags to
distinguish reasoning content, intermediate SQL,
execution feedback, and the final SQL. After gen-
erating an intermediate SQL, a SQL executor E
executes it and appends the feedback, either results
or errors, to the context to guide subsequent reason-
ing. This iterative process enables progressive re-
finement until either a final SQL query is produced
or a predefined interaction limit N is reached. The
complete procedure is presented in Algorithm 1,
and the full prompt format is shown in Figure A.1.

3.3 Composite Reward Design

The reward is a crucial component of reinforcement
learning, and studies have shown that overly sim-
plistic rewards can lead to reward hacking (Skalse
et al., 2022). Reasoning-SQL (Pourreza et al.,
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Response Format: <think> Reasoning process.
</think> <intermediate_sql> The SQL query for veri-
fication is: “Intermediate SQL”</intermediate_sql>
<result> Execution result. </result> <think> Further
reasoning. </think> <final_sql> The final SQL query
is: “Final SQL”</final_sql>

Figure 2: Response format for ReEx-SQL.

2025) points out that sparse rewards pose chal-
lenges for text-to-SQL. To effectively guide pol-
icy optimization, we design a composite reward
function encompassing five dimensions: format,
execution, exact match, entity match, and explo-
ration. Each component provides complementary
supervision, steering the model to generate cor-
rect, executable, and semantically consistent SQL
queries. Notably, the exploration reward is tailored
for multi-turn interactions, discouraging repetitive
behavior and inadequate utilization of tools.

Format reward The format reward Rformat en-
courages the output y that strictly follow the pre-
defined template by assigning 1 for perfect con-
formity and 0 otherwise, promoting consistent and
well-structured SQL generation.

Exact match reward The exact match reward
Rem assigns 1 only if the output SQL sfinal is iden-
tical to the reference SQL sfinal, encouraging align-
ment with preferred SQL styles.

Execution reward The execution reward Rexec
consists of two parts: a syntax reward Rvalid (1 if
sfinal executes without error) and a result reward (1
if Exec(sfinal) = Exec(sgold), otherwise 0, where
Exec(s) denotes the result of executing SQL s).
This encourages semantic alignment with sgold.

Entity match reward The entity match re-
ward Rentity encourages correct use of tables and
columns by measuring their overlap between sfinal
and sgold. Here, Entities(s) denotes the set of tables
and columns in SQL s, as follows:

Rentity =
|Entities(sfinal) ∩ Entities(sgold)|

|Entities(sgold)|
. (2)

Exploration Reward The exploration reward
Rexpl is specifically designed for multi-turn in-
teraction scenarios to encourage effective and di-
verse tool usage. It penalizes duplicate intermedi-
ate SQLs to discourage redundancy and rewards
broader exploration using a sigmoid function σ(n)

over the number of interaction steps n when the
final SQL sfinal is incorrect. Let Sexplore denote all
generated intermediate SQLs, as follows:

Rexpl =





0, if |Sexplore| ≠ |set(Sexplore)|
1, if Exec(sfinal) = Exec(sgold)

σ(n), otherwise

.

(3)

Composite Reward R =
∑

i∈C wiRi is final re-
ward, where C = {format, em, exec, entity, expl}
and wi is the weight of Ri. Each term provides
distinct supervision to promote syntactic validity,
execution correctness, schema alignment.

3.4 Execution-Guided Tree Decoding

Both the interaction with a SQL executor E dur-
ing decoding in ReEx-SQL and the use of self-
consistency strategies that generate many SQL can-
didates in text-to-SQL tasks increase computational
cost. To address these efficiency challenges, we em-
ploy a tree-structured decoding process, drawing
inspiration from beam search (Choo et al., 2022)
and Tree of Thought (Yao et al., 2023). In contrast
to these approaches, each node in our decoding
tree captures the reasoning context, a candidate
SQL, and its execution result (see Figure 3), thus
enabling efficient pruning of error-producing nodes
and minimizing redundant exploration. After gener-
ating multiple SQL candidates, ReEx-SQL applies
an execution-based voting mechanism to select the
most reliable output. Overall, compared to the in-
dependent linear decoding, our tree decoding elim-
inates redundant paths, improves efficiency, and,
particularly in early stages, reduces the number of
candidate nodes and the likelihood of early errors,
thereby maintaining high reasoning quality.

4 Experiments

4.1 Experimental Settings

Datasets and Metrics We conduct experiments
on two widely-used Text-to-SQL benchmarks:
BIRD (Li et al., 2023) and Spider (Yu et al.,
2018). BIRD contains over 12,000 queries across
95 databases in diverse domains, designed to bet-
ter reflect real-world scenarios; we evaluate on
its development set (Dev) using execution accu-
racy (EX) and valid efficiency score (VES), where
VES measures how efficiently the predicted SQL
runs compared to the ground truth. Spider covers
200 databases in 138 domains, with evaluations
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Figure 3: Comparison between linear-structured and tree-structured self-consistency decoding.

on its Dev set using EX and test-suite accuracy
(TS) (Zhong et al., 2020), which checks if the pre-
dicted SQL yields correct results across multiple
database test cases. Additionally, we assess three
Spider robustness variants: Spider-Syn (Gan et al.,
2021a), Spider-Realistic (Deng et al., 2021), and
Spider-DK (Gan et al., 2021b), each introducing
specific schema or question perturbations.

Implementation Details We use Qwen2.5-
Coder-7B-Instruct model for experiments.
Database prompts are adapted from CodeS (Li
et al., 2024b), which filter relevant schema
components, values, and metadata, and show
strong results on the BIRD benchmark. Train-
ing is performed with the GRPO (Shao et al.,
2024) algorithm within the OpenRLHF (Hu
et al., 2024) framework, using a batch size of
64 and a learning rate of 2e-6. In the rollout
phase, we sample 8 outputs per input with a
temperature T of 1.0, set the maximum sequence
length to 4096, and up to maximum interactions
N=10. The reward weight vector is defined
as w = (wformat, wem, wexec, wentity, wexpl) =
(2.0, 1.0, 3.0, 1.0, 2.0), a configuration referred
to as MaxTune. For inference, we apply greedy
decoding (T=0.0), and tree-structured decoding
(T=0.7), allowing up to 3 children per node and
generating up to 16 candidates. SQL execution is
handled by SQLite (SQLite, n.d.), which provides
feedback including column headers and up to 3
sample rows. All experiments run on a 24-core
CPU at 2.10GHz and 8 NVIDIA A800 GPUs.

4.2 Overall Performance

Results on BIRD and Spider Table 1 shows the
performance of ReEx-SQL on BIRD and Spider.
Using only 9k training samples from BIRD Train,
ReEx-SQL achieves 65.3% EX and 73.3% VES
on BIRD Dev, narrowing the gap with proprietary
solutions. By comparison, OmniSQL-7B (Li et al.,

Methods BIRD Dev Spider Dev Spider Test

EX VES EX TS EX

XiYan-SQL (Gao et al., 2024b) 73.3 - - - 89.6
CHASE-SQL (Pourreza et al., 2024) 73.0 73.0 - - 87.6
MCTS-SQL + GPT-4 (Yuan et al., 2025) 69.4 66.2 88.7 - 86.6
PAS-SQL + GPT-4o (Kong et al., 2025) 64.7 65.0 87.9 - 86.8
MCS-SQL + GPT-4 (Lee et al., 2025) 63.4 64.8 89.5 - 89.6
MAC-SQL + GPT-4 (Wang et al., 2023) 59.4 66.2 86.8 82.8 -

SENSE-13B (Yang et al., 2024) 55.5 - 84.1 83.5 86.6
DPO + Qwen2.5-7B∗ (Liu et al., 2025b) 64.1 - 82.6 80.2 -
SFT CodeS-7B (Li et al., 2024b) 57.2 58.8 85.4 80.3 -
OmniSQL-7B∗ (Li et al., 2025b) 66.1 - 81.6 - 88.9
DTS-SQL-7B∗ (Pourreza and Rafiei, 2024) 55.8 60.3 82.7 78.4 -
DB-Explore-7B∗ (Ma et al., 2025a) 52.1 55.8 84 79.3 -
ROUTE + Qwen2.5-7B (Qin et al., 2024) 55.9 57.4 83.6 77.5 83.7
ROUTE + Qwen2.5-14B (Qin et al., 2024) 60.8 65.2 87.3 80.9 87.1
Reasoning-SQL∗ (Pourreza et al., 2025) 64.0 - - - 78.72
SQl-R1-7B∗ (Ma et al., 2025b) 63.1 - 84.5 - 86.1
Arcitc-Text2SQL-R1∗ (Yao et al., 2025) 64.8 - - - 87.1
SQL-o1 + Llama3-8B (Lyu et al., 2025) 63.4 64.7 87.4 79.6 85.4

ReEx-SQL-7B (Our) 65.3 73.3 89.1 83.9 86.9

* The methods marked use the same base model as ReEx-SQL (Qwen2.5-
Coder-Instruction-7B), and this notation is also adopted in Table 2.

Table 1: Performance comparison on BIRD and Spider
benchmarks (%).

2025b) uses 2.5M training samples, which is more
than 100 times the amount of data, to obtain higher
in-domain performance. However, as shown in
Table 2, ReEx-SQL demonstrates much stronger
generalization on perturbed and realistic bench-
marks, highlighting the efficiency and robustness
of our execution-aware approach. On Spider Dev,
ReEx-SQL reaches 83.9% TS, outperforming sev-
eral large proprietary models. While recent SOTA
methods (Gao et al., 2024b; Pourreza et al., 2024)
report higher scores, they often require multiple
models or proprietary pipeline. In contrast, ReEx-
SQL uses a single 7B open-source model, enabling
efficient and accessible deployment.

Robustness Evaluation Table 2 reports robust-
ness results on three Spider variants. (1) ReEx-
SQL-7B achieves the highest EX scores, with
78.7% on Spider-Syn and 85.5% on Spider-
Realistic, outperforming both open-source and
proprietary models. (2) It also leads in TS
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Methods Syn Realistic DK

EX TS EX TS EX

FastRAText+GPT-4 (Shen et al., 2024) 74.4 - 80.9 - 72.3
TA-SQL + GPT-4 (Qu et al., 2024) - - 79.5 - 72.9
CYCLESQL + GPT-4 (Fan et al., 2024) 76.0 66.3 70.6 56.9 68.5
SQL-PaLM + PaLM2 (Sun et al., 2024) 74.6 - 77.6 - 66.5

DPO + Qwen2.5-Coder-7B∗ (Liu et al., 2025b) 76.2 - 79.1 - 72.9
Qwen2.5-Coder-32B (Li et al., 2025b) 70.5 - 74.8 - 78.3
ROUTE + Llama3-8B (Qin et al., 2024) 77.4 70.2 80.9 72.6 74.6
SFT CodeS-7B (Li et al., 2024b) 76.9 70.0 82.9 77.2 72.0
SFT CodeS-15B (Li et al., 2024b) 77.0 69.4 83.1 75.6 70.7
SENSE-7B (Yang et al., 2024) 72.6 64.9 82.7 75.6 77.9
SENSE-13B (Yang et al., 2024) 77.6 70.2 84.1 76.6 80.2
OmniSQL-7B∗ (Li et al., 2025b) 69.6 - 78.0 - 77.8
OmniSQL-14B (Li et al., 2025b) 72.0 - 78.5 - 74.8
OmniSQL-32B (Li et al., 2025b) 72.1 - 77.2 - 77.6
Reasoning-SQL∗ (Pourreza et al., 2025) 69.3 - - - 73.3
SQl-R1-7B∗ (Ma et al., 2025b) 76.7 - 83.3 - 78.1
SQL-o1 + Llama3-8B (Lyu et al., 2025) 77.6 69.2 82.7 72.8 78.7

ReEx-SQL-7B (Our) 78.7 72.0 85.5 79.9 80.2

Table 2: Performance comparison on Spider variants
robustness benchmarks (%).

scores (72.0% on Spider-Syn and 79.9% on Spider-
Realistic), indicating fewer semantic errors and
better SQL structure alignment. (3) On Spider-DK,
ReEx-SQL-7B achieves 80.2% using only a single
7B model, matching the performance of SENSE-
13B (Yang et al., 2024), which relies on a larger
model and additional data augmentation. Over-
all, ReEx-SQL demonstrates strong robustness and
generalization across diverse perturbations, while
remaining lightweight and cost-effective.

4.3 Comparison with Existing RL Methods

Table 3 reports EX scores on BIRD Dev for existing
RL-based methods and our reproduced baseline,
all employing the standard reasoning paradigm
with vanilla Qwen2.5-coder-7b-Instruct and GRPO
optimization, under greedy (G) and sampling-8
voting (V) strategies. Baseline uses the same
training setup as ReEx-SQL, differing only in
prompting template and the use of exploration
reward Rexpl, which is exclusive to ReEx-SQL
(see Appendix A.1). Reasoning-SQL (Pourreza
et al., 2025) uses a custom reward design, Arctic-
Text2SQL-R1 (Yao et al., 2025) and SQL-R1 (Ma
et al., 2025b) benefit from data augmentation, and
Baseline is our reproduction without interactive rea-
soning. Distinctively, ReEx-SQL incorporates exe-
cution feedback during inference for iterative inter-
action. Compared to Arctic-Text2SQL-R1, which
relies on extensive data augmentation, ReEx-SQL
achieves strong performance using only the origi-
nal training data. Furthermore, ReEx-SQL demon-
strates robust generalization, reaching EX of 78.7%
on Spider-Syn and 79.9% on Spider-Realistic.

Method BIRD Dev Spider Test Spider-Syn Spider-Realistic

G V G V G V G V

Reasoning-SQL* 64.01 78.72 69.34 73.27
Arctic-Text2SQL-R1 63.9 64.8 85.0 87.1 - - - -

SQL-R1 - 63.1 - 86.1 - 76.7 - 78.1
Think2SQL 56.1 - 82.4 - 78.0 - 67 -

Baseline (Our) 60.8 63.16 86.2 86.7 78.3 78.5 82.3 83.1

ReEx-SQL (Our) 63.4 65.3 86.4 86.9 78.5 78.7 79.3 79.9

* The decoding strategy used in Reasoning-SQL is not reported.

Table 3: Comparison with existing RL-based methods.

4.4 Ablation Study on Reasoning Paradigms

To highlight the advantage of the execution-aware
reasoning paradigm in ReEx-SQL, Table 4 com-
pares its performance with the standard reasoning
baseline (see section 4.3 for setup details). Key
findings are as follows: (1) After GRPO training,
ReEx-SQL consistently outperforms the baseline
on all benchmarks, with gains of 2.6% and 2.7%
in EX score on BIRD Dev and Spider Dev, respec-
tively. For robustness, ReEx-SQL also improves
TS scores on Spider-Syn and Spider-Realistic by
3.2% and 3.1%, and achieves a 4.7% EX score in-
crease on Spider-DK. These results demonstrate
that the execution-aware reasoning itself drives the
improvement. (2) ReEx-SQL achieves a 14.8%
gain after GRPO training (from 48.6% to 63.4%),
compared to an 11.3% increase for the baseline.
This validates the effectiveness of GRPO and sug-
gests that execution-aware reasoning can unlock
greater potential and performance improvements.

ReEx-SQL vs. Baseline To further demonstrate
the strengths of ReEx-SQL, Figure 4 provides a
comprehensive comparison with the baseline. Key
observations are: (1) Training rewards (a): Both
models converge rapidly, but ReEx-SQL consis-
tently achieves higher average rewards, indicat-
ing a greater performance ceiling, in line with
Table 4. (2) Response length (b): Both models
produce longer responses over training, echoing
DeepSeek (DeepSeek-AI et al., 2025). ReEx-SQL
extends reasoning via interaction, while the base-
line deepens reasoning after noise reduction. (3)
Performance by difficulty (c, e): ReEx-SQL out-
performs the baseline across all difficulty levels on
BIRD Dev and Spider Dev, and achieves especially
notable improvements on challenging and extra
hard cases: 6.2% and 11.5% higher on BIRD and
Spider Dev, respectively. This highlights ReEx-
SQL’s advantage on complex queries. (4) Error
analysis (d): On BIRD Dev, ReEx-SQL reduces to-
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Reasoning
Paradigm

Training
Type

BIRD Dev Spider Dev Spider Test Spider-Syn Spider-Realistic Spider-DK

EX (%) EX (%) TS (%) EX (%) EX (%) TS (%) EX (%) TS (%) EX (%)

Direct Output No Post-Training 48.7 81.4 75.3 79.3 68.3 54.6 77.0 68.4 71.6
Standard Reasoning No Post-Training 49.5 81.1 74.8 78.3 69.5 56.9 74.6 63.1 71.4

Execution-Aware Reasoning No Post-Training 48.6 80.0 75.9 37.0 57.4 43.1 65.7 53.8 57.6
Direct Output SFT 56.3 85.4 81.4 84.5 75.7 68.3 81.9 74.2 74.0

Standard Reasoning GRPO 60.8 85.7 83.5 86.2 78.3 68.9 82.3 75.6 74.6
Execution-Aware Reasoning GRPO 63.4+2.6 88.4+2.7 83.5+0.0 86.4+0.2 78.5+0.2 72.1+3.2 85.0+2.7 78.7+3.1 79.3+4.7

* All results are obtained with greedy decoding. “Direct Output” refers to directly predicting SQL without intermediate reasoning.

Table 4: Comparison of reasoning paradigms on multiple Text-to-SQL benchmarks.
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Figure 4: Multi-dimensional comparison between ReEx-SQL and the baseline: (a) Training reward over steps; (b)
Response length throughout training; (c) BIRD performance across difficulty levels; (d) Error type distribution on
the BIRD Dev; (e) Spider performance across difficulty levels.

Reward Components BIRD Dev

EX (%) VES (%)

ReEx-SQL
(Base Configuration) 60.9 70.8

w/o Rem 58.0 (↓ 2.9) 65.4 (↓ 5.4)

w/o Rexec 54.4 (↓ 6.5) 62.7 (↓ 8.1)

w/o Rentity 57.8 (↓ 3.1) 66.1 (↓ 4.7)

w/o Rexpl 59.2 (↓ 1.7) 69.3 (↓ 1.5)

Table 5: Ablation of reward components for ReEx-SQL
on BIRD Dev.

Configuration
Type

Reward Weights BIRD Dev

wformat wem wexec wentity wexpl EX (%) VES (%)

Base 1.5 0.8 1.5 0.8 0.5 60.9 70.8
HighExploration 1.5 0.8 1.5 0.8 2.0 62.0 69.4
HighFormat-EX 2.0 0.8 3.0 0.8 0.5 62.3 70.1

Uniform 1.0 1.0 1.0 1.0 1.0 62.3 73.8
MaxTune (Best) 2.0 1.0 3.0 1.0 2.0 63.4 72.3

Table 6: Ablation of reward weights for ReEx-SQL on
BIRD Dev. Configuration names reflect the characteris-
tic reward weight assignments.

tal errors from 603 to 562 and lowers syntax errors
from 4.5% to 1.9%. These results show that ReEx-
SQL more effectively mitigates both syntactic and
semantic errors, overcoming the shortcomings of
the baseline. Representative output comparisons
can be found in Appendix A.2.4.

4.5 Ablation Study on Reward Design

Ablation of Reward Components Table 5
shows the effect of removing each reward com-

ponent (configuration “Base” in Table 6). Elim-
inating any reward decreases ReEx-SQL perfor-
mance, underscoring the importance of all com-
ponents. Execution reward Rexec has the largest
impact, demonstrating the distinctive benefit of ex-
ecution feedback in Text-to-SQL. While the direct
effect of the exploration reward is smaller, as dis-
cussed in Appendix A.2.3, it significantly increases
exploration diversity, ensuring that each interaction
yields informative gains.

Ablation of Reward Weights Table 6 summa-
rizes the influence of different reward weights. Key
observations: (1) Increasing exploration reward
weight wexpl (Base vs. HighExploration) improves
EX score by 1.1% on BIRD Dev, indicating better
interaction with the database contributes to higher
SQL quality. (2) Raising format wformat and exe-
cution wexec weights (Base vs. HighFormat-EX)
increases EX score by 1.4%, showing that format
and execution consistency enhance output quality.
(3) MaxTune, which increases wformat, wexec, and
wexpl, yields the best results, highlighting the bene-
fits of integrating multiple reward signals.

4.6 Decoding Strategy Comparison

Table 7 summarizes the results of different decod-
ing strategies on BIRD Dev and Spider Dev. With
a fixed candidate number, tree-structured and tree
pruning decoding consistently outperform linear
decoding in both EX score and efficiency. For ex-
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Decoding Strategy Number of
Candidates

Bird Dev Spider Dev

EX (%) ↑ Latency (s/sample) ↓ Cost↓ EX (%) ↑ Latency (s/sample) ↓ Cost ↓

Baseline
Greedy Decoding 1 60.30 0.40 207.8 85.7 0.15 122.6
Linear Decoding 8 62.70 1.85 1651.9 86.1 0.81 985.1
Linear Decoding 16 63.16 3.15 3415.5 86.1 2.14 1975.3

ReEx-SQL

Greedy Decoding 1 63.36 0.60 356.4 88.4 0.20 148.2

Linear Decoding 8 64.08 2.79 2849.9 88.3 1.37 1162.2
Tree Decoding 8 64.15 2.04 (↓ 28.6%) 1784.6 88.4 0.88 (↓ 35.7%) 729.4

Tree Pruning Decoding 8 64.36 2.17 (↓ 22.2%) 2031.7 88.5 0.93 (↓ 33.1%) 766.8

Linear Decoding 16 64.54 5.36 5696.4 88.5 2.76 2371.4
Tree Decoding 16 64.93 2.64 (↓ 51.9%) 2356.9 88.8 1.06 (↓ 60.7%) 946.7

Tree Pruning Decoding 16 65.31 2.87 (↓ 46.4%) 2563.1 89.1 1.09 (↓ 60.5%) 963.9

Table 7: Comparison of different sampling strategies on bird dev and spider dev datasets.

Simple Moderate Challenging Total

Baseline EX 67.89 52.26 43.06 60.82

ReEx-SQL

Initial EX 67.03 50.97 43.75 59.97
Final EX 69.51 55.48 49.31 63.36
∆ EX +2.48 +4.51 +5.56 +3.39

Avg. # of SQLs 1.07 1.21 1.24 1.13

Table 8: Comparison across different difficulty levels.

Method Success Failed All

DIN-SQL+GPT3.5 (Pourreza and Rafiei, 2023) 61 113 -52
MAC-SQL+GPT-4o (Wang et al., 2025a) 24 1 23

+ MapleRepair (Shen et al., 2025b) 65 13 52

ReEx-SQL 7B 57 0 57

Table 9: Comparison of SQL Repair Results

ample, with 16 candidates, tree pruning decoding
achieves the highest EX scores (65.3% on BIRD
Dev and 89.1% on Spider Dev), surpassing linear
decoding by up to 1.2%. Additionally, tree-based
methods reduce latency and computational cost,
where cost is measured as the average number of
output tokens generated per data item. Tree de-
coding with 16 candidates lowers latency by over
50% and cost by more than half compared to linear
decoding, and tree pruning further improves EX
scores with only minor increases in latency and
cost. Overall, tree pruning decoding offers the bal-
ance between accuracy and efficiency, mitigating
interaction-related latency and enhancing perfor-
mance. Additional results on Spider variants are
provided in Appendix A.2.1.

4.7 Effectiveness of Multi-Turn Interaction

Table 8 compares the execution accuracy of ReEx-
SQL and the baseline across different query diffi-
culty levels. Initial EX refers to the performance of
ReEx-SQL on the first SQL generated during inter-
action, while Final EX reflects the accuracy after
all rounds of multi-turn correction using execution

Model Decoding Candidates = 8 Candidates = 16

Voting Pass@8 Voting Pass@16

Baseline Linear 62.70 67.93 63.16 68.71

ReEx-SQL Linear 64.08 70.80 64.54 71.06
ReEx-SQL Tree 64.15 70.99 64.93 72.03
ReEx-SQL Tree pruning 64.36 71.71 65.31 72.75

Table 10: Voting and pass@k results on the BIRD Dev.

feedback. ReEx-SQL significantly improves EX
through this iterative process, with the largest gains
observed on challenging queries (up to +5.56%),
demonstrating its strength in refining and correct-
ing SQL via multi-turn interaction.

Table 9 evaluates the SQL repair capabilities of
each method on their initial SQL outputs. Error cor-
rection modules in DIN-SQL (Pourreza and Rafiei,
2023) and MAC-SQL (Wang et al., 2025a) can mis-
modify correct SQL, leading to additional errors:
113 for DIN-SQL, and 1 and 13 for MAC-SQL and
MapleRepair (Shen et al., 2025b), respectively. In
contrast, ReEx-SQL refines the initial SQL through
multi-turn, end-to-end interaction, successfully re-
pairing all 57 erroneous cases without introducing
new errors. This highlights the reliability and pre-
cision of ReEx-SQL’s interactive approach, which
delivers the greatest overall improvement across
both challenging and routine queries.

4.8 Pass@k Metric

We further report voting-based and pass@k execu-
tion accuracy (EX, %) on the BIRD dev set under
different candidate budgets. As shown in Table 10,
ReEx-SQL consistently outperforms the baseline
across both voting and pass@k metrics for all can-
didate settings. In particular, ReEx-SQL achieves
substantial improvements in pass@8 and pass@16,
indicating that it is more effective at generating
high-quality candidate sets that contain correct so-
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Feedback Type Count Percentage

Correct feedback 1475 86.61%

Error feedback (all) 228 13.39%
- Timeout (only) 25 1.47%
- Null/empty-result related (only) 95 5.58%
- Syntax-related (only) 108 7.32%

Table 11: Feedback type distribution on BIRD Dev.

lutions. Furthermore, comparing different decod-
ing strategies within ReEx-SQL, tree-based decod-
ing slightly improves over linear decoding, while
incorporating pruning yields consistent additional
gains (Table 10).

Notably, tree pruning improves pass@8 from
70.99% to 71.71% and pass@16 from 72.03%
to 72.75%, corresponding to a +0.72% gain over
standard tree decoding in both settings. This re-
sult demonstrates that pruning enhances candi-
date selection by filtering out low-quality branches,
thereby improving the likelihood of including cor-
rect executions among the generated candidates.

4.9 Distribution of Error Types

To contextualize the robustness results discussed
above, we analyze the composition of execution
feedback on BIRD Dev. As shown in Table 11,
correct executions dominate the feedback stream,
accounting for the vast majority of cases, while
error feedback constitutes only a relatively small
fraction. Within the error category, the most fre-
quent types correspond to syntax-related issues and
null/empty-result situations. Specifically, syntax-
related errors (7.32%) and null/empty-result cases
(5.58%) together make up most of the error feed-
back, whereas timeout cases are comparatively rare
(1.47%), and no locked cases are observed in this
evaluation setting (Table 11).

A more fine-grained breakdown of syntax-
related errors is presented in Table 12. Among
these, missing-column errors are the dominant sub-
type, accounting for 4.82% of all instances, fol-
lowed by skeleton/structure errors (1.47%) and
function-related errors (0.41%), while missing-
table errors occur only marginally (0.12%).

Overall, these statistics suggest that most in-
stances already yield valid execution outputs, with
errors being both limited in proportion and con-
centrated in a few common categories (Table 11).
Consequently, improving robustness to missing or
partial feedback primarily depends on effectively
leveraging informative error messages for correc-

Syntax-related Type Count Percentage

Syntax-related 108 7.32%

- Missing column (only) 82 4.82%
- Skeleton/structure error (only) 17 1.47%
- Function error (only) 7 0.41%
- Missing table (only) 2 0.12%

Table 12: Breakdown of syntax-related errors.

tion, rather than relying on fine-grained distinctions
within relatively infrequent error types (Table 12).

5 Conclusion

We propose ReEx-SQL, a framework that inte-
grates real-time execution feedback into decod-
ing, enabling progressive refinement of reasoning
through structured prompting and iterative database
interaction. By extending GRPO with execution-
aware rollouts and a composite reward for format,
execution, semantics, and exploration, ReEx-SQL
achieves strong in-domain and out-of-domain per-
formance, outperforming similarly sized models
and some proprietary solutions. The tree-structured
decoding strategy further reduces inference time
while maintaining or improving accuracy, demon-
strating the efficiency of execution-guided reason-
ing. Overall, ReEx-SQL shows that execution feed-
back can effectively guide reasoning, improving
performance of small open-source LLMs, and nar-
rowing the gap with proprietary solutions.

Limitation

Although ReEx-SQL demonstrates significant im-
provements by leveraging real-time execution feed-
back, its dependence on direct database access may
restrict its applicability in certain scenarios, such
as offline environments or those with privacy con-
straints. Future research may address this limi-
tation by developing lightweight execution simu-
lators or fallback mechanisms, enabling broader
deployment. Moreover, exploring advanced de-
coding strategies could further enhance reasoning
efficiency, especially in settings with limited re-
sources.
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A Appendices

Algorithm 1: LLM Response Rollout with
Stepwise SQL Execution Feedback

Input: Question x, database DB, policy model πθ ,
SQL executor E , maximum interactions N

Output: Final response y, final SQL sfinal
1 Initialize the model output y ← ∅
2 Initialize interactions n← 0
3 while n < N do
4 Initialize the current round model output tokens

ytemp ← ∅
5 while True do
6 Generate the next tokens fragment

yt ← πθ(·|x, y + ytemp)
7 ytemp ← ytemp + yt
8 if yt in [</intermediate_sql>, <im_end>]

then
9 break

10 y ← y + ytemp
11 if <intermediate_sql>...</intermediate_sql> in

ytemp then
12 Intermediate SQL query sexplore ←
13 Extract(ytemp, pat-

tern="<intermediate_sql>...</intermediate_sql>")
14 Execution Feedback

e← E(sexplore, DB)
15 y ← y+ <result> e </result>

16 else
17 break
18 Number of interactions n← n+ 1

19 Final SQL sfinal ← Extract(y,
pattern="<final_sql>...</final_sql>")

20 return Final response y, Final SQL sfinal

A.1 Prompt Templates

This section presents the prompts corresponding to
the three decoding strategies evaluated in Table 4.
The execution-aware reasoning prompt, shown in
Figure 8, explicitly incorporates execution feed-
back to guide the generation process; this prompt
is used by ReEx-SQL. The standard reasoning
prompt, shown in Figure 9,performs multi-step rea-
soning without relying on execution signals, and
serves as the decoding strategy for the baseline.
In contrast, the direct output prompt in Figure 10
generates SQL queries directly, without any inter-
mediate reasoning steps.

A.2 More Details about Experiments

A.2.1 Decoding Strategy Comparison on
Spider Variants

Table 13 extends the comparison in Table 7 by
evaluating decoding strategies on various Spider
robustness benchmarks. Consistent with previous
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Decoding Strategy Number of
Candidates

Spider Test Spider-Syn Spider-Realistic Spider-DK

EX (%) EX (%) TS (%) EX (%) TS (%) EX (%)

Greedy decoding 1 86.4 78.5 72.1 85.0 78.7 79.3

Linear decoding 8 86.6 78.3 71.6 84.6 78.5 78.9
Tree decoding 8 86.4 78.3 71.7 85.8 79.5 79.1
Tree Pruning decoding 8 86.7 78.4 71.9 85.6 79.5 79.3

Linear decoding 16 86.5 78.5 71.7 85.0 78.7 79.4
Tree decoding 16 86.6 78.6 72.1 85.2 79.1 79.8
Tree Pruning decoding 16 86.9 78.7 72.0 85.5 79.9 80.2

Table 13: Comparison of decoding strategies on spider variants robustness benchmarks.
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Figure 5: Impact of reward components on training reward (left), response length (middle), and interaction steps
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Figure 6: Impact of different reward weight settings on training reward (left), response length (middle), and
interaction steps (right).

Database Nums BIRD Dev (EX%) Spider Test (EX%) Spider-DK (EX%)

Simple Moderate Challenging Total Easy Medium Hard Extra All Easy Medium Hard Extra All

Origin 3 69.5 55.5 49.3 63.4 93.8 89.0 82.1 76.2 86.4 88.2 85.4 62.2 67.6 79.3
Origin 6 69.4 55.7 49.3 63.4 94.0 89.0 82.3 76.5 86.6 88.2 85.8 64.9 66.7 79.6
Origin 8 69.4 55.9 50.0 63.5 93.8 89.0 82.3 76.2 86.5 88.2 85.8 64.9 67.8 79.8

TS-DB 3 - - - - 94.0 89.0 82.7 76.5 86.7 88.2 86.2 64.9 67.6 80.0

* All results are with greedy decoding. TS-DB refers to the augmented databases for TS score evaluation (Zhong et al., 2020), from Spider and its variants.

Table 14: Impact of execution feedback and database complexity on ReEx-SQL.
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Question

| drivers.driverid |  ... 

| laptimes.times | ...

| lap_results.recordid | ...
Schema

How many French drivers have ever completed a lap in under 02:00.00?

<think>The question is... ...  I will attempt to join the drivers table with the lap_results table using driverid.</think>

<intermediate_sql> The intermediate SQL query for verification is: ```sql

SELECT ... ... JOIN lap_results ON drivers.driverid = lap_results.driverid WHERE ... ... ```</intermediate\_sql>

<result> Execution result: no such column: lap_results.driverid</result> 

<think> The error message indicates that ... Looking at the schema again, the correct table is likely `laptimes` ... </think>

<think> The SQL query now runs successfully. However, the comparison of lap time as a string may not be accurate ... ...

We should parse the `laptimes.time` value and convert it into total seconds.  </think>

Standard Reasoning: One-pass reasoning without interaction or validation.

 Execution-Aware Reasoning: Interactive reasoning guided by execution feedback.

<think>The question is ... ... I will join the "drivers" with the "lap_results". ... ... And laptimes less than '02:00.00'.</think>

<final_sql>The final SQL query is:```sql

SELECT COUNT(drivers.driverid) FROM drivers INNER JOIN lap_results ON drivers.driverid = lap_results.driverid

WHERE drivers.nationality = 'French'  AND lap_results.time < '02:00.00';```</final_sql>

<intermediate_sql> The intermediate SQL query for verification is: ```sql SELECT ... JOIN laptimes ON

drivers.driverid = laptimes.driverid WHERE ... AND laptimes.time < '02:00.00'; ```</intermediate\_sql>

<result> Execution result:  |COUNT(drivers.driverid)| |0|  </result> 

<final_sql> The final SQL query is:```sql

SELECT COUNT(drivers.driverid) FROM drivers JOIN laptimes ON drivers.driverid = laptimes.driverid WHERE

drivers.nationality = 'French' AND laptimes.time < 120; ```</final_sql> 

Figure 7: Output comparison: execution-aware (ReEx-SQL) vs. standard reasoning (Baseline).

findings, Tree-structured self-consistency contin-
ues to outperform or match other strategies in both
effectiveness and robustness. It achieves the high-
est execution accuracy on Spider-Realistic (85.5%)
and Spider-DK (80.2%), which are more challeng-
ing due to their paraphrased questions and unseen
schema structures. Even when using only 8 candi-
dates, the tree-structured approach performs com-
petitively; and with 16 candidates, it yields further
improvements across nearly all metrics. These re-
sults reinforce that tree-structured decoding gen-
eralizes well under distribution shifts and diverse
linguistic perturbations, making it a strong choice
for real-world deployment scenarios where robust-
ness is critical.

A.2.2 Impact of Execution Feedback and
Database

To investigate how the richness of execution feed-
back affects performance, we compare different
result row limits and database settings, as shown

in Table 14. “Origin” refers to the default evalua-
tion database, while TS-DB contains more diverse
cell values. “Nums” indicates the number of rows
returned in each execution result. Results show
that increasing the number of feedback rows im-
proves performance—for example, raising Nums
from 3 to 8 boosts the EX score on BIRD Chal-
lenging by 0.7% (49.3% vs. 50.0%). Addition-
ally, using TS-DB leads to further gains, such as
a 0.6% improvement on Spider Test Hard (82.1%
vs. 82.7%) and a 0.7% gain on Spider-DK (79.3%
vs. 80.0%). These findings indicate that richer
feedback provides more informative guidance for
reasoning, resulting in higher-quality SQL genera-
tion, particularly for complex queries.

A.2.3 Impact of Reward Design on Training
Dynamics

This section complements Section 4.5 by analyzing
the impact of reward design on training dynamics,
focusing on two aspects: reward components and
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reward weights.

Impact of Reward Components on Training Dy-
namics Figure 5 shows how the training reward,
response length, and interaction count evolve under
different reward ablation settings. We highlight
the following observations: (1) Training converges
rapidly within the first 50 steps and remains stable,
indicating that GRPO effectively activates model
potential and aligns behavior with the reward signal.
(2) Without the execution reward, the average re-
ward is significantly lower, consistent with Table 5,
highlighting its essential role in the Text-to-SQL
task. (3) Without the exploration reward, response
length and interaction count decline in later stages,
suggesting the model tends to favor short, low-
interaction reasoning paths without explicit explo-
ration incentives. (4) With all reward components
present, the model exhibits stable behavior in both
response length and interaction count, indicating a
synergistic effect that supports more robust training
dynamics.

Impact of Reward Weights on Training Dynam-
ics Figure 6 illustrates the impact of different re-
ward weight configurations. Key findings include:
(1) Average reward remains similar across configu-
rations, suggesting that the model is robust to mod-
erate changes in reward weights. (2) Increasing
the exploration reward weight (HighExploration
vs. Base) leads to longer responses and more inter-
actions, showing that stronger incentives promote
deeper reasoning. (3) HighFormat-EX increases
the format and execution rewards at the expense
of exploration, resulting in shorter responses and
fewer interactions, indicating that overemphasis on
correctness may suppress exploration. (4) Max-
Tune yields intermediate response length and in-
teraction count, reflecting a balanced trade-off be-
tween execution accuracy and exploration.

A.2.4 ReEx-SQL vs. Baseline: Output
Analysis

This section compares the reasoning paths of ReEx-
SQL and the Baseline to highlight the advantages
of Execution-Aware Reasoning. As shown in Fig-
ure 7, under the Standard Reasoning paradigm, the
model relies solely on its internal knowledge and
the given context, often resulting in reasoning er-
rors and incorrect SQL generation. In contrast,
Execution-Aware Reasoning allows the model to
issue exploratory SQL queries to test its hypothe-
ses and refine its reasoning based on execution

feedback. For instance, in the example shown, the
model receives an empty result from an exploratory
query and correctly infers that the “time” column is
an integer representing seconds rather than a string,
leading to a corrected and accurate SQL query.

Beyond this case, ReEx-SQL demonstrates sev-
eral generalizable behaviors driven by execution
feedback. First, it can form and revise hypotheses
through exploratory SQL based on observed results
(e.g., Figure 11). Second, it is capable of detect-
ing and correcting semantic errors, such as missing
conditions, by interpreting empty result sets (e.g.,
Figures 12 and 13). Third, it can leverage exe-
cution error messages to adjust its reasoning, and
when uncertain, it may re-run exploratory queries
to validate its revisions (e.g., Figures 14 and 15).
These examples collectively show that ReEx-SQL
moves beyond static context-based reasoning by
actively interacting with the environment, result-
ing in a more robust and adaptive SQL generation
process.

A.2.5 Statistical Rigor

To ensure reproducibility and assess result stability,
we conduct additional experiments with controlled
randomness. All experiments are run using fixed
random seeds in vLLM (Kwon et al., 2023), a large-
scale LLM inference framework. While most main
experiments adopt greedy decoding, for sampling-
based settings we report the mean and variance
of EX and TS across multiple seeds. Specifically,
each configuration is executed four times. The EX
score is averaged over the four runs, and results are
reported in the format of mean (minimum, maxi-
mum). Tables 15 and 16 present the results under
candidate sizes of 8 and 16, respectively.

Method BIRD Dev Spider Dev

Baseline
+ Linear decoding 62.66 (-0.08, 0.05) 86.05 (-0.07, 0.12)

ReEx-SQL
+ Linear decoding 64.08 (-0.06, 0.07) 88.44 (-0.05, 0.05)
+ Tree decoding 64.16 (-0.08, 0.05) 88.42 (-0.02, 0.07)
+ Tree pruning 64.37 (-0.03, 0.03) 88.54 (-0.05, 0.05)

Table 15: Statistical results with 8 candidates.

Overall, the conclusions drawn from the
sampling-based experiments are consistent with
those obtained under fixed random seeds, indicat-
ing that the observed performance gains are stable
and not sensitive to stochastic variations.
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Method BIRD Dev Spider Dev

Baseline
+ Linear decoding 63.09 (-0.11, 0.08) 86.05 (-0.07, 0.12)

ReEx-SQL
+ Linear decoding 64.52 (-0.11, 0.15) 88.54 (-0.05, 0.05)
+ Tree decoding 64.99 (-0.06, 0.07) 88.83 (-0.05, 0.05)
+ Tree pruning 65.34 (-0.15, 0.11) 89.14 (-0.07, 0.12)

Table 16: Statistical results with 16 candidates.

A.2.6 Experiments on Spider 2.0
We evaluate ReEx-SQL on the Spider 2.0 bench-
mark using the schema provided by Omni-SQL for
fair comparison, and report results on the Spider-
v2.0-SQLite subset. Table 17 summarizes the per-
formance of different models.

Model Train Dataset Data Scale Accuracy

Qwen2.5 Coder-7B None None 1.50%
Omni-SQL-7B Spider + BIRD 17K 3.00%

Baseline Spider + BIRD 17K 2.96%
ReEx-SQL-7B Spider + BIRD 17K 3.70%

Table 17: Results on the Spider-v2.0-SQLite subset.

With the same training data, ReEx-SQL con-
sistently outperforms both the standard reasoning
baseline and Omni-SQL-7B. We note that the over-
all accuracy on Spider 2.0 is relatively low due to
the increased schema complexity and distribution
mismatch between Spider and BIRD. As future
work, we plan to expand the training data for ReEx-
SQL to further improve its performance on this
challenging benchmark.

A.3 Robustness to Execution Feedback

Execution feedback provides an external supervi-
sion signal during interactive SQL generation. To
study how ReEx-SQL behaves when this signal is
partially unavailable or degraded, we run controlled
ablations that systematically restrict the feedback
content. All results in this section are obtained with
greedy decoding on BIRD Dev.

A.3.1 Impact of Feedback Availability
We consider the following feedback settings:

• Full feedback: Complete execution feedback,
including schema, row values, and error mes-
sages.

• Locked: All feedback replaced with a locked
message, simulating fully restricted DB access.

• Timeout: All feedback replaced with a timeout
message, simulating unresponsive queries.

• Error-only: only error messages are returned;
successful executions return a generic success
indicator.

• Schema-only: Successful executions return
schema-related information (e.g., column
names) but no cell values; error feedback is
preserved.

• Row-count: Successful executions return only
the number of result rows; error feedback is pre-
served.

Feedback Simple Moderate Challenging Total

Full feedback 69.50 55.50 49.30 63.40
Locked 69.19 50.43 48.97 61.60
Timeout 68.86 48.71 46.21 60.63
Error-only 69.19 51.94 48.28 61.99
Schema-only 69.30 53.02 48.97 62.45
Row-count 69.19 52.16 48.97 62.13

Table 18: Greedy decoding results of ReEx-SQL on
BIRD Dev under different execution feedback settings.

Overall, ReEx-SQL remains robust when execu-
tion feedback is weakened. Performance drops are
larger when feedback collapses to non-informative
signals (Locked/Timeout), while retaining error
messages (Error-only, Schema-only, Row-count)
preserves most of the gains. This suggests that in-
formative failure signals play a key role in guiding
correction, whereas limiting successful execution
feedback (e.g., removing cell values) is less detri-
mental as long as error feedback is available.
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Execution-Aware Reasoning Prompt

You are an experienced database expert. Now you need to generate a SQL query given the database
information, a question, and some additional information. Your goal is to generate a single
**SQLite** query that can correctly answer the user’s question based on the given schema and
matched values.

Important Guidelines:

1. The database structure is defined by the following table schemas:
**table_name.column_name ( data_type | comment : description | values : values )**
The “values” are only examples to illustrate the data type and format; They are not directly
related to the question.

2. You should:

2.1. **Analyze** the question intent and map it to relevant tables and columns.
2.2. If the question is complex or ambiguous, you may write an **intermediate SQL** for

verification.
2.3. **Do not generate an infinite number of intermediate SQLs**. Instead, focus on identifying

key areas where the SQL might need improvement and stop when you have sufficient
insight.

2.4. When reflecting on the intermediate SQL:
• First, check whether it **correctly expresses all conditions, columns, and logic**

described in the original question.
• Also, verify whether it follows the Database admin instructions, such as avoiding

prohibited patterns or optimizing structure.
• Then, evaluate whether the **execution result** confirms or contradicts your expecta-

tions.
• If there is any mismatch, misunderstanding, violation of admin rules, or missing

condition, **revise your reasoning before generating the final SQL**.
• In addition, you can generate other possible intermediate SQLs for comparison.

Response Format:
Respond strictly in the following format:
<think> Reasoning process here. </think>
<intermediate_sql> The intermediate SQL query for verification is: “‘sql
your intermediate SQL here.”’</intermediate_sql>
<result> Execution result here. </result>
<think> Further reasoning. </think>
<final_sql> The final SQL query is: “‘sql your final SQL here. ”’</final_sql>

[Table creation statements] {database_schema}
[Matched Values] {matched_contents}
[Question] {question} Hint: {evidence}

Figure 8: Execution-aware reasoning prompt for ReEx-SQL.
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Standard Reasoning Prompt

You are an experienced database expert. Now you need to generate a SQL query given the database
information, a question, and some additional information. Your goal is to generate a single
**SQLite** query that can correctly answer the user’s question based on the given schema and
matched values.

Important Guidelines:
1. The database structure is defined by the following table schemas: **table_name.column_name (
data_type | comment : description | values : values )** The “values” are only examples to illustrate
the data type and format; They are not directly related to the question.
2. **Analyze** the question intent and map it to relevant tables and columns.
3. First, check whether it **correctly expresses all conditions, columns, and logic** described in
the original question.
4. Also, verify whether it follows the Database admin instructions, such as avoiding prohibited
patterns or optimizing structure.

Response Format:
Respond strictly in the following format:
<think> Reasoning process here. </think>
<final_sql> The final SQL query is: “‘sql your final SQL here. ”’</final_sql>

[Table creation statements] {database_schema}
[Matched Values] {matched_contents}
[Question] {question} Hint: {evidence}

Figure 9: Standard reasoning prompt for baseline.

Direct Output Prompt

You are an experienced database expert. Now you need to generate a SQL query given the database
information, a question, and some additional information. Your goal is to generate a single
**SQLite** query that can correctly answer the user’s question based on the given schema and
matched values.

Important Guidelines:
1. The database structure is defined by the following table schemas: **table_name.column_name (
data_type | comment : description | values : values )** The “values” are only examples to illustrate
the data type and format; They are not directly related to the question.
2. Your task is to generate the correct SQL query **only**. Do not include any explanation,
reasoning, or additional text.

Response Format:
Respond strictly in the following format:
<final_sql> The final SQL query is: “‘sql your final SQL here. ”’</final_sql>

[Table creation statements] {database_schema}
[Matched Values] {matched_contents}
[Question] {question} Hint: {evidence}

Figure 10: Direct output prompt.
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Question:
The average unemployment ratio of 1995 and 1996, which one has higher percentage?

Hit:
a12 refers to unemploymant rate 1995; a13 refers to unemploymant rate 1996;

Standard Reasoning:
<think>
The user’s question asks for the average unemployment ratio of 1995 and 1996 and which one has
a higher percentage.To answer this question, I need to look at the columns a12 (unemployment
rate 1995) and a13 (unemployment rate 1996) in the district table.I need to calculate the average of
these two columns to compare the percentages.I will start by selecting the columns a12 and a13
from the district table.Then, I will calculate the average of these two columns.
</think>
<final_sql> The final SQL query is: “‘sql
SELECT AVG(a12) AS avg_unemployment_1995, AVG(a13) AS avg_unemployment_1996
FROM district;”’ </final_sql>

Execution-Aware Reasoning:
<think>
Let’s find the average unemployment ratio for both 1995 and 1996 from the ‘district’ table. We
need to calculate the average of ‘a12’ (unemployment rate 1995) and ‘a13’ (unemployment rate
1996). Then, we will compare these averages to determine which year has a higher percentage.
</think>
<intermediate_sql>
The intermediate SQL query for verification is: “‘sql
SELECT AVG(a12) AS avg_1995, AVG(a13) AS avg_1996 FROM district;”’
</intermediate_sql>
<result> |avg_1995 | avg_1996| |3.0723684210526314 | 3.787012987012987| </result>
<think>
The intermediate SQL query correctly calculates the average unemployment rates for 1995 and
1996. The average unemployment rate for 1996 (3.787) is higher than for 1995 (3.072).
</think>
<final_sql> The final SQL query is: “‘sql
SELECT CASE WHEN AVG(a13) > AVG(a12) THEN ‘1996’ ELSE ‘1995’ END AS
higher_unemployment_year FROM district;”’ </final_sql>

Figure 11: Reasoning output comparison for example 1.
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Question:
Which drivers who were born in 1971 and has the fastest lap time on the race? Give id and code

of these drivers.

Standard Reasoning:
<think>
The user’s question asks for the drivers who were born in 1971 and had the fastest lap time on a
race, along with their id and code.To answer this question, I need to focus on the “dob” column in
the “drivers” table, which represents the date of birth of the drivers. I need to find drivers born
in 1971, which means I need to look for rows where the year of “dob” is 1971. Additionally, I
need to look at the “fastestlaptime” column in the “results” table, which represents the fastest lap
time of a driver in a race. I need to join the “drivers” and “results” tables based on the “driverid”
column to connect the information about the drivers’ birth year and their fastest lap times.
</think>
<final_sql>
The final SQL query is: “‘sql
SELECT drivers.driverid, drivers.code FROM drivers INNER JOIN results ON drivers.driverid =
results.driverid WHERE strftime(’%Y’, drivers.dob) = ’1971’;”’
</final_sql>

Execution-Aware Reasoning:
<think>
user is asking for drivers born in 1971 with the fastest lap time in a race. To solve this, we need to
join the ‘drivers’ table with the ‘results’ table using the ‘driverid’ column. We then filter for drivers
born in 1971 by extracting the year from the ‘dob’ column. The ‘results’ table has a ‘fastestlaptime’
column, which we will use to find the fastest driver. We’ll begin with an initial query that selects
all such drivers.
</think>
<intermediate_sql>
The intermediate SQL query for verification is: “‘sql
SELECT drivers.driverid, drivers.code, results.fastestlaptime FROM drivers JOIN results ON
drivers.driverid = results.driverid WHERE STRFTIME(’%Y’, drivers.dob) = ’1971’ ORDER BY
results.fastestlaptime ASC LIMIT 1;”’
</intermediate_sql>
<result>
|driverid|code|fastestlaptime|
|14|COU|NULL|
</result>
<think>
The intermediate result shows that some ‘fastestlaptime’ values are NULL. Including NULLs in
sorting can lead to incorrect results, as NULL values do not represent valid lap times. Therefore,
we must filter out rows where ‘fastestlaptime’ is NULL before applying ordering and limits. We’ll
revise the SQL accordingly.
</think>
<final_sql>
The final SQL query is: “‘sql
SELECT drivers.driverid, drivers.code FROM drivers JOIN results ON drivers.driverid = re-
sults.driverid WHERE STRFTIME(’%Y’, drivers.dob) = ’1971’ AND results.fastestlaptime IS
NOT NULL ORDER BY results.fastestlaptime ASC LIMIT 1”’
</final_sql>

Figure 12: Reasoning output comparison for example 2.844



Question:
What was the release date for the set which card “Evacuation” in it?

Standard Reasoning:
<think>
The user’s question asks for the release date of the set that contains the card “Evacuation”. To answer this question, I
need to find the set code for “Evacuation” and then look up its release date. First, I need to locate the card “Evacuation”
in the “cards” table by searching for its name. Next, I need to join the “cards” table with the “set_translations” table
using the “uuid” column, as the set code is stored in “set_translations”. Finally, I need to join the “sets” table with
“set_translations” using the “code” column to find the release date of the set.
</think>
<final_sql>
The final SQL query is: “‘sql
SELECT sets.releasedate FROM sets INNER JOIN set_translations ON sets.code = set_translations.setcode INNER
JOIN cards ON set_translations.id = cards.id WHERE cards.name = ‘Evacuation’;”’
</final_sql>

Execution-Aware Reasoning:
<think>
user is asking for the release date of the set that contains the card “Evacuation”. To answer this question, we need to
join the ‘cards’ table with the ‘sets’ table using the ‘uuid’ column, which is common to both tables. The ‘cards’ table
contains the card name, and the ‘sets’ table contains the release date of the set. By filtering the ‘cards’ table for the card
named “Evacuation”, we can then extract the corresponding release date from the ‘sets’ table.
</think>
<intermediate_sql>
The intermediate SQL query for verification is: “‘sql
SELECT sets.releasedate FROM cards JOIN sets ON cards.uuid = sets.mcmid WHERE cards.name = ‘Evacuation’ ”’
</intermediate_sql>
<result> |releaseDate| No data available in the database. </result>
<think>
The previous intermediate SQL query had a mistake in the join condition. The ‘sets’ table’s ‘mcmid’ column does not
match the ‘cards’ table’s ‘uuid’ column. Instead, we should use the ‘sets’ table’s ‘code’ column, which is referenced by
the ‘cards’ table’s ‘setcode’ column. Let’s correct the join condition and try again.
</think>
<intermediate_sql>
The intermediate SQL query for verification is: “‘sql
SELECT sets.releasedate FROM cards JOIN sets ON cards.setcode = sets.code WHERE cards.name = ‘Evacuation’ ”’
</intermediate_sql>
<result>
|releaseDate| |2007-07-13| |2003-07-28| |2001-04-11| Omit the sample below......
</result>
<think>
The intermediate SQL query has been corrected to properly join the ‘cards’ table with the ‘sets’ table using the ‘setcode’
column. The result shows that the release date for the set containing the card ‘Evacuation’ is ‘2007-07-13’.
</think>
<final_sql> The final SQL query is: “‘sql
SELECT sets.releasedate FROM cards JOIN sets ON cards.setcode = sets.code WHERE cards.name = ‘Evacuation’ ”’
</final_sql>

Figure 13: Reasoning output comparison for example 3.
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Question:
How many posts were created on 21st July, 2010?

Hit:
created on 21st July, 2010 refers to creationdate BETWEEN ‘2010-07-21 00:00:00’ and ‘2012-

07-21 23:59:59’;

Standard Reasoning:
<think>
The user’s question asks for the count of posts created on 21st July, 2010. To answer this question,
I need to look at the creationdate column in the posts table. I need to count the number of rows
where the creationdate is between ‘2010-07-21 00:00:00’ and ‘2010-07-21 23:59:59’. This will
give me the number of posts created on that specific date.
</think>
<final_sql>
The final SQL query is: “‘sql
SELECT COUNT(*) FROM posts WHERE creationdate BETWEEN ‘2010-07-21 00:00:00’ AND
‘2010-07-21 23:59:59’ ”’
</final_sql>

Execution-Aware Reasoning:
<think>
user wants to find out how many posts were created on July 21, 2010. This requires querying the
‘posts’ table, specifically the ‘creationdate’ column, to count the number of posts that fall within
the specified date range. The date range is from ‘2010-07-21 00:00:00’ to ‘2010-07-21 23:59:59’.
The SQL query will use the ‘COUNT’ function to count the number of posts and the ‘WHERE’
clause to filter the posts based on the ‘creationdate’.
</think>
<intermediate_sql>
The intermediate SQL query for verification is: “‘sql
SELECT COUNT(id) FROM posts WHERE creationdate BETWEEN ‘2010-07-21 00:00:00’
AND ‘2010-07-21 23:59:59’;”’
</intermediate_sql>
<result>
no such column: creationdate
</result>
<think>
The error indicates that the ‘creationdate’ column does not exist in the ‘posts’ table. The ‘creation-
date’ column is actually in the ‘posthistory’ table, not the ‘posts’ table. Therefore, the query needs
to be adjusted to use the ‘posthistory’ table instead.
</think>
<final_sql>
The final SQL query is: “‘sql
SELECT COUNT(id) FROM posthistory WHERE creationdate BETWEEN ‘2010-07-21 00:00:00’
AND ‘2010-07-21 23:59:59’ ”’
</final_sql>

Figure 14: Reasoning output comparison for example 4.
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Question:
Please list the name of the cards in the set Coldsnap with the highest converted mana cost.

Standard Reasoning:
<think>
The user’s question asks to list the name of the cards in the set Coldsnap with the highest converted mana cost. To
answer this question, I need to find the cards in the set Coldsnap and look at their converted mana costs. I need to join
the ‘sets’ table with the ‘cards’ table using the ‘code’ column in ‘sets’ and the ‘uuid’ column in ‘cards’. I need to find
the card with the highest converted mana cost within the Coldsnap set.
</think>
<final_sql>
The final SQL query is: “‘sql
SELECT cards.name FROM cards INNER JOIN sets ON cards.uuid = sets.code WHERE sets.name = ’Coldsnap’
ORDER BY cards.convertedmanacost DESC LIMIT 1;”’
</final_sql>

Execution-Aware Reasoning:
<think>
user is asking for the names of cards in the set ‘Coldsnap’ with the highest converted mana cost. To achieve this, we
need to join the ‘cards’ table with the ‘sets’ table using the ‘uuid’ column, which is common to both tables. The ‘sets’
table will help us filter the cards by the set name ‘Coldsnap’. We will then sort the cards by their ‘convertedmanacost’
in descending order to get the card with the highest converted mana cost at the top. Since we are only interested in the
name of the card, we will select the ‘name’ column from the ‘cards’ table.
</think>
<intermediate_sql>
The intermediate SQL query for verification is: “‘sql
SELECT cards.name FROM cards JOIN sets ON cards.uuid = sets.uuid WHERE sets.name = ’Coldsnap’ ORDER BY
cards.convertedmanacost DESC LIMIT 1;”’
</intermediate_sql>
<result> no such column: sets.uuid </result>
<think>
The error indicates that we cannot directly join the ‘cards’ table with the ‘sets’ table using the ‘uuid’ column because
the ‘sets’ table does not have a ‘uuid’ column. Instead, we should use the ‘code’ column from the ‘sets’ table to match
with the ‘code’ column in the ‘cards’ table. Let’s correct the intermediate SQL query accordingly.
</think>
<intermediate_sql>
The intermediate SQL query for verification is: “‘sql
SELECT cards.name FROM cards JOIN sets ON cards.setcode = sets.code WHERE sets.name = ’Coldsnap’ ORDER
BY cards.convertedmanacost DESC LIMIT 1;”’
</intermediate_sql>
<result> |name| |Sunscour| </result>
<think>
The intermediate SQL query has been corrected to join the ‘cards’ table with the ‘sets’ table using the ‘setcode’ column,
which is common to both tables. The query filters the cards by the set name ‘Coldsnap’ and sorts them by their
‘convertedmanacost’ in descending order. The result confirms that the card with the highest converted mana cost in the
‘Coldsnap’ set is ‘Sunscour’.
</think>
<final_sql>
The final SQL query is: “‘sql
SELECT cards.name FROM cards JOIN sets ON cards.setcode = sets.code WHERE sets.name = ’Coldsnap’ ORDER
BY cards.convertedmanacost DESC LIMIT 1”’
</final_sql>

Figure 15: Reasoning output comparison for example 5.
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