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Abstract001

Translating natural language into SQL002
(Text2SQL) is a longstanding challenge at the003
intersection of natural language understanding004
and structured data access. While large005
language models (LLMs) have significantly006
improved fluency in SQL generation, produc-007
ing correct and executable SQL, particularly008
for complex queries, remains a bottleneck. We009
present XYZ-Text2SQL-R1, a reinforcement010
learning (RL) framework and model family011
designed to generate accurate, executable012
SQL using a lightweight reward signal based013
solely on execution correctness. Our approach014
avoids brittle intermediate supervision and015
complex reward shaping, promoting stable016
training and alignment with the end task.017
Combined with carefully curated data, strong018
supervised initialization, and effective training019
practices, XYZ-Text2SQL-R1 achieves020
state-of-the-art execution accuracy across021
six diverse Text2SQL benchmarks and ranks022
among the leading entries on the BIRD leader-023
board. Notably, our 7B model outperforms024
prior 70B-class systems, highlighting the025
framework’s scalability and efficiency. We026
further demonstrate inference-time robustness027
through simple extensions like value retrieval028
and majority voting. Extensive experiments029
and ablation studies offer both positive and030
negative insights, providing practical guidance031
for future Text2SQL research.032

1 Introduction033

Translating natural language questions into SQL034

queries, commonly known as Text2SQL, is a core035

challenge in natural language understanding and036

human-computer interaction. A robust solution037

would enable non-technical users to query struc-038

tured databases using natural language, thereby039

democratizing access to data analytics.040

Recent advances in large language models041

(LLMs) have significantly improved the fluency042

and surface-level coverage of Text2SQL sys- 043

tems (Ma et al., 2025; Pourreza et al., 2025; Zhai 044

et al., 2025; Papicchio et al., 2025). However, gen- 045

erating correct and executable SQL, especially for 046

complex queries involving multi-table joins, nested 047

logic, and nuanced schema understanding, remains 048

difficult. Most existing approaches rely on super- 049

vised fine-tuning over (question, SQL) pairs (Li 050

et al., 2025; Gao et al., 2024), which often fail to 051

promote the intermediate reasoning steps essential 052

for reliable and generalizable SQL generation. 053

We introduce XYZ-Text2SQL-R1, a rein- 054

forcement learning (RL) framework and model 055

family for generating high-quality executable 056

SQL from natural language. It uses a lightweight 057

reward based solely on execution correctness, 058

avoiding brittle partial rewards while promoting 059

stable training and alignment with the end goal. 060

Combined with best practices in data filtering, 061

synthetic generation, and model-based selection, 062

XYZ-Text2SQL-R1 demonstrates that high-quality 063

data, strong supervised initialization, and a simple 064

reward signal together yield accurate, scalable, and 065

robust Text2SQL models. 066

Our main contributions are: 067

• Simple and Scalable RL for Text2SQL: We 068

develop a lightweight RL formulation using 069

execution-only rewards that generalizes well 070

across model sizes and benchmarks, enabling 071

stable training and strong performance without 072

complex reward design. 073

• Comprehensive Benchmark Leadership: 074

Across six diverse Text2SQL benchmarks, 075

XYZ-Text2SQL-R1 consistently outperforms 076

both SQL-specialized and general-purpose 077

LLMs, including GPT-4o (OpenAI, 2023) and 078

DeepSeek-V3 (Liu et al., 2024), demonstrating 079

robust generalization across domains. On the 080

BIRD leaderboard, our models are positioned 081

among the leading entries: the 32B model 082

achieves 71.83% execution accuracy, which 083
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further improves to 73.84% when applying084

self-consistency. Among models with publicly085

available details, XYZ-Text2SQL-R1 ranks086

first, ensuring transparency, reproducibility,087

and accessibility. Notably, our 7B model even088

surpasses prior 70B-class systems (Zhai et al.,089

2025), highlighting the scalability and efficiency090

of our approach.091

• Data and Training Strategies That Matter: We092

present best practices for data filtering, synthetic093

data generation, and model-based selection. Ad-094

ditionally, we demonstrate the value of online095

RL training, which leverages strong supervised096

checkpoints and well-designed prompts to fur-097

ther improve performance. Combined with high-098

quality data and a simple execution-driven re-099

ward, these practices produce accurate, scalable,100

and robust Text2SQL models.101

• Broad and Rigorous Evaluation: We eval-102

uate XYZ-Text2SQL-R1 across six Text2SQL103

datasets, covering a range of schema complex-104

ity and query difficulty. This provides strong105

evidence of generalization and guards against106

overfitting to single dataset or evaluation format.107

• Inference-Time Robustness and Extensibility:108

XYZ-Text2SQL-R1 supports simple inference-109

time techniques, such as value retrieval and ma-110

jority voting, that further improve accuracy with111

minimal system overhead, demonstrating its prac-112

ticality for real-world deployment.113

• Empirical Insights for the Community: We114

report both successful and negative findings,115

offering transparent and actionable insights to116

guide future RL-based Text2SQL research/devel-117

opment.118

2 Related Work119

XYZ-Text2SQL-R1 builds upon two closely re-120

lated research directions: robust Text2SQL systems121

and reinforcement learning methods for improving122

LLM reasoning.123

Reinforcement Learning for LLM Reasoning.124

RL has been shown to improve LLM reasoning125

by rewarding logical correctness and structured126

reasoning steps (OpenAI et al., 2025; Lambert127

et al., 2024; OpenAI et al., 2024), yielding strong128

performance in mathematical reasoning and code129

generation (Xu et al., 2025; Wang et al., 2025;130

Yang et al., 2025b; Shao et al., 2024).131

Most prior work relies on policy gradient132

methods such as Proximal Policy Optimization133

(PPO) (Schulman et al., 2017) or Group Relative 134

Policy Optimization (GRPO) (Guo et al., 2025; 135

Yang et al., 2024b; Dang and Ngo, 2025), where 136

GRPO is particularly effective for reasoning with 137

multiple valid solutions using only final-answer su- 138

pervision (Guo et al., 2025; Kumar et al., 2025). In 139

contrast, we adapt GRPO to the Text2SQL setting 140

and adopt execution correctness as the sole reward, 141

encouraging end-to-end compositional reasoning 142

over structured queries. 143

Text-to-SQL. Text2SQL has evolved from 144

rule-based systems to neural semantic parsers 145

and, more recently, LLM-based template-free SQL 146

generation (Zhu et al., 2024b; Androutsopoulos 147

et al., 1995; Li and Jagadish, 2014; Guo et al., 148

2019; Wang et al., 2021; Singh et al., 2025; Gao 149

et al., 2023; Li et al., 2024). However, LLMs still 150

struggle with complex multi-table queries without 151

explicit compositional reasoning (Wei et al., 2023; 152

Guo et al., 2025; OpenAI et al., 2024), motivating 153

techniques such as Chain-of-Thought prompting, 154

query decomposition, and execution-based 155

feedback (Tai et al., 2023; Eyal et al., 2023; Hong 156

et al., 2024; Deng et al., 2025). 157

Recent RL-based Text2SQL methods adopt 158

multi-component rewards combining execution 159

accuracy with syntactic and schema-level sig- 160

nals (Pourreza et al., 2025; Ma et al., 2025; Pa- 161

picchio et al., 2025). While effective, such designs 162

risk reward hacking (Skalse et al., 2022). In con- 163

trast, inspired by execution-centric approaches like 164

Seq2SQL (Zhong et al., 2017), we use a minimal re- 165

ward based solely on execution correctness, which 166

proves more stable under group-based policy opti- 167

mization. 168

Compared to prior reasoning-based (Pourreza 169

et al., 2025; Ma et al., 2025; He et al., 2025) and 170

preference-based methods (Zhai et al., 2025), our 171

approach uniquely combines streamlined data fil- 172

tering, group-based relative policy optimization, 173

and an execution-only reward (Table B.1).A more 174

detailed analysis of related work is provided in 175

Appendix B. 176

3 Methodology 177

Building on insights from prior RL work for 178

language model reasoning, we design XYZ- 179

Text2SQL-R1 to pursue robust Text2SQL genera- 180

tion via a simple, execution-grounded RL frame- 181

work. 182

Overview of RL Approach. We adopt 183
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GRPO (Shao et al., 2024) as it has demonstrated184

superior efficiency and effectiveness on structured185

reasoning tasks, making it an ideal match for186

Text2SQL. Applying RL in this setting is particu-187

larly necessary. SQL correctness can be directly188

verified against databases, providing clear and au-189

tomatic reward signals. In addition, the genera-190

tion process inherently involves multi-step decision191

making. Finally, given the scarcity of annotated192

data, RL allows the model to explore and gener-193

alize to novel compositional patterns beyond the194

training set.195

Formally, let πθ denote our policy model pa-196

rameterized by θ. For each input text question Q197

with associated database schema, the model gen-198

erates N candidate SQL queries (aka rollouts),199

{oQ,1, ..., oQ,N}. Each generated query is then200

evaluated to provide an explicit reward signal as de-201

scribed in the later of this section. These per-group202

rollouts allow us to compute relative advantages,203

stabilizing learning and promoting robust policy204

improvement.205

The GRPO objective is as follows:206

JGRPO(θ) = E
[
1

N

N∑
i=1

min (riAi,

clip(ri, 1− ϵ, 1 + ϵ)Ai

]
− βDKL(πθ∥πref ),

207

where ri =
πθ(oi|Q)
πθold (oi|Q) is the likelihood ratio, Ai the208

advantage, and DKL is a KL-divergence penalty to209

keep the policy close to a reference (supervised fine-210

tuned) model (Ouyang et al., 2022). In practice, ϵ211

and β are tuned to balance exploration and stability.212

Reward Model Design. A key differentiator of213

XYZ-Text2SQL-R1 is its adherence to a minimal,214

execution-driven reward formulation. While earlier215

works have often sought highly elaborate reward216

signals (aggregating string overlap, schema confor-217

mance, partial matching, etc. (Pourreza et al., 2025;218

Ma et al., 2025)), we find these can encourage re-219

ward hacking and brittle behaviors (Skalse et al.,220

2022).221

Instead, we define a reward function focused222

solely on (1) final execution correctness and (2)223

basic syntax validity:224

R =


1, if the results align with ground truth;
0.1, if SQL is executable;
0, otherwise.

225

Base Model Training Data BIRD-dev SPIDER-test

14B-Inst B + S 64.9 86.8
14B-Inst B + S + G(NF) 64.6 86.4
14B-Inst B + S + G(F) 66.5 88.3

32B-Inst B + S + G(F) 64.9 87.7
32B-Inst B + S + G(F) + BA(NF) 62.5 86.1
32B-Inst B + S + G(F) + BA(F) 64.9 86.8

Dataset abbreviations: B = BIRD; S = SPIDER;
G(F)/G(NF) = Gretel (Filtered / Non-Filtered);

BA(F)/BA(NF) = Bird-Aug (Filtered / Non-Filtered).

Table 1: Learning from training data (all with GRPO
optimization and Qwen2.5-Coder).

Here, execution alignment is determined by run- 226

ning the model’s SQL prediction alongside the 227

ground-truth query and matching their results using 228

the strictest available criteria (e.g. BIRD bench- 229

mark guidelines), ensuring meaningful progress 230

signals. Syntax validity ensures that models are not 231

unduly penalized for benign formatting or minor 232

structural errors when learning to compose well- 233

formed queries. Our design is similar to math/logic 234

RL works (Xie et al., 2025; Guo et al., 2025) with 235

extra constraints on valid SQL execution. 236

The proposed reward design enables stable, inter- 237

pretable credit assignment, removing distracting or 238

confounding partial rewards. As empirical results 239

(Section 5) demonstrate, our streamlined approach 240

is sufficient and preferable for high-accuracy, gen- 241

eralizable Text2SQL modeling. 242

4 Learnings 243

Experimental Setup. Our primary training 244

datasets are derived from the BIRD (Li et al., 2024) 245

training set and the training/development splits of 246

SPIDER (Yu et al., 2018), with additional filtering 247

applied to improve data quality. Initial model se- 248

lection is guided by performance on the BIRD-dev 249

and SPIDER-test sets using execution accuracy, 250

and we later broaden our evaluation suite to reduce 251

the risk of benchmark overfitting. As base models, 252

we rely on the Qwen2.5-Coder series (Hui et al., 253

2024). Unless noted otherwise, GRPO (Shao 254

et al., 2024) is used as our default RL algorithm. 255

Further details on the datasets and training 256

hyperparameters are provided in Appendix C. 257

4.1 Learnings from Training Data 258

The Critical Role of Filtering. Thorough inspec- 259

tion of BIRD and SPIDER training splits reveals 260

that many reference SQL queries in these datasets 261

return empty results upon execution. For RL, where 262
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Base Model Training Strategy Optimization BIRD-dev SPIDER-test

Qwen2.5-Coder-32B-Inst — GRPO 64.9 87.7
Qwen2.5-Coder-32B-Inst — PPO 63.0 85.7

Qwen2.5-Coder-32B — GRPO 64.4 87.3
Qwen2.5-Coder-32B-Inst — GRPO 64.9 87.7
QwQ-32B — GRPO 55.2 79.3

Qwen2.5-Coder-32B-Inst Batch RL GRPO 64.9 87.7
Qwen2.5-Coder-32B-Inst * Online RL GRPO 66.6 –

Qwen2.5-Coder-32B-Inst * Online RL GRPO 66.6 –
OmniSQL-32B Online RL GRPO 67.9 88.2

OmniSQL-32B Online RL† GRPO 67.9 88.2
OmniSQL-32B Online RL‡ GRPO 70.5 88.7

Table 2: Learnings from training strategy (*: limited
results because of the checkpoint loss; †: Online RL
with self-defined prompt template; ‡: Online RL with
modified OmniSQL prompt).

reward signaling is tied to execution correctness,263

such examples can disrupt the learning process by264

producing spurious or uninformative rewards. We265

exclude these and filter out samples with execution266

times exceeding five seconds, markedly reducing267

overall training time. This straightforward filter-268

ing step removed about 1,400 samples from BIRD269

and 1,700 from SPIDER, yielding a more reliable270

reward signal and expediting RL convergence. Ta-271

ble C.1 provides a summary of datasets used, in-272

cluding derived data splits.273

Table-Enhanced Generation with Model-274

based Data Filtering for Synthetic Data.275

We further augment training data with Gretel-276

Synth (Meyer et al., 2024), which provides277

schemas without populated data. We use GPT-4o278

to produce INSERT statements per table (details in279

Appendix D), repeatedly sampling until the refer-280

ence SQL retrieves non-empty results. Distractor281

tables from related domains are randomly added to282

increase schema complexity, and only queries with283

SQL length > 160 characters and successful execu-284

tion are retained for the non-filtered pool. However,285

naively adding Gretel-Synth-NonFiltered to train-286

ing reduced performance (the first section of Ta-287

ble 1). To remedy this, we employed a model-based288

filtering, using our best Qwen2.5-Coder-32B-Inst-289

trained model, and retained only queries where at290

least one of the ten generations (temperature = 1.0)291

was correct. This curated Gretel-Synth-Filtered set292

markedly improves results.293

Unsuccessful Attempts at LLM-Based Data294

Augmentation. Drawing inspiration from works295

such as (Yang et al., 2024c; Hu et al., 2023), we296

attempted to boost diversity through data augmen-297

tation, prompting LLMs to paraphrase or gener-298

ate complex questions given a schema, the origi-299

nal question, and its SQL. Nevertheless, we found300

that model outputs often closely mirrored the origi- 301

nal conditions, limiting diversity. We next tried 302

prompting solely with schema descriptions and 303

gold SQL, omitting the original question, and incor- 304

porated self-correction (Deng et al., 2025) to ensure 305

all SQLs were executable and returned data. De- 306

spite this, augmented data largely failed to improve 307

model generalization (the second section of Ta- 308

ble 1), which we attribute to (1) insufficient linguis- 309

tic and structural diversity, and (2) oversampling 310

schema-specific patterns, leading to overfitting. 311

Other Data Sources. We also experimented 312

with model-filtered data from SynSQL-2.5M (Li 313

et al., 2025), but initial attempts were inconclusive. 314

Given the sheer volume of SynSQL-2.5M, we 315

believe more sophisticated filtering could unlock 316

further gains, which we leave for future work. 317

4.2 Learnings from Training Strategy 318

Unless stated otherwise, the following rely on fil- 319

tered BIRD, SPIDER, and Gretel-Synth. 320

GRPO vs PPO. We compare GRPO and PPO. 321

GRPO, by design, reduces memory usage of critic 322

models and is well-suited for large-scale settings; 323

PPO is simpler and historically popular for stable 324

RL optimization. In our experiments, GRPO out- 325

performs PPO by a comfortable margin (see the 326

first section of Table 2), though we caution that 327

PPO may benefit from further hyperparameter tun- 328

ing. 329

Selecting the Optimal Starting Model. We 330

assess Qwen2.5-Coder in the base, instructed, and 331

the reasoning-focused QwQ-32B variant. Results 332

show that starting from better instruction following, 333

higher-accuracy models is crucial (see the second 334

section of Table 2). The main differences between 335

Qwen2.5-Coder-32B base and instruction are 336

(1) the instruction following capability and (2) 337

high-quality instruction finetuning data, which 338

leads to about 0.4 EX gap. QwQ-32B is optimized 339

for math and reasoning tasks, e.g., math, but 340

not SQL, and its initial accuracy trailed the 341

Qwen2.5-Coder-instructed version by over 10 342

points, a gap RL fine-tuning could not close. Later, 343

we discuss how strong supervised checkpoints 344

improve downstream RL. 345

Online RL Surpasses Batch RL. We compare 346

online RL, where the model continually interacts 347

with the environment, with batch RL. Our findings 348

show superior results with online RL, likely due 349

to its increased adaptivity and exposure to more 350

complex negative examples via live interaction 351
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Different setting
BIRD- Spider- Spider2.0- Spider- EHR Science

Average
dev test SQLite DK SQL Benchmark

BIRD only 67.6 87.8 8.9 76.3 34.9 50.5 54.3
BIRD, SPIDER, Gretel-Synth 67.7 88.2 11.9 79.1 35.5 51.8 55.7

Table 3: Diverse evaluation helps to identify generalization capabilities (OmniSQL-7B).

(the third section of Table 2). This observation352

extends previous results primarily observed in353

mathematical and programming, indicating its354

pertinence for Text2SQL.355

Supervised Fine-Tuning Model Quality Mat-356

ters. Stronger supervised fine-tuned (SFT) models357

(e.g., OmniSQL (Li et al., 2025)) consistently yield358

better downstream RL results (the fourth section359

of Table 2), reinforcing the importance of strong360

initializations and echoing observations from other361

domains.362

Prompt Format is Crucial. We observed sig-363

nificant gains (the fifth section of Table 2) when364

switching from a generic prompt to the origi-365

nal OmniSQL prompt, adapted for RL training366

(see Figure F.1 for prompt). Prompt structure, in-367

clusion of thinking instructions, and database seri-368

alization choices all contributed to improved model369

performance.370

Other Observations. We explored variations371

in rollout count (16, 24, 32), human- or LLM-372

generated prompts, and various reward designs.373

None produced significant improvement, and, no-374

tably, more fine-grained reward designs induced375

“lazy” behaviors, where models pursued local op-376

tima for short-term rewards rather than global cor-377

rectness.378

4.3 Learning from Benchmark Diversity379

Prompt Optimization Benefits OSS Model Eval-380

uation. Prompt selection dramatically affects open-381

source models (e.g., Llama (Grattafiori et al., 2024)382

and Qwen (Hui et al., 2024)) performance, with383

the OmniSQL prompt improving Llama-3.1-70B’s384

BIRD-dev accuracy from 57.4% (Zhai et al., 2025)385

to 65.1% in our experiments. Prompt tuning is386

thus indispensable for the fair comparison of large,387

general-purpose LLMs in the Text2SQL task. How-388

ever, finding the best prompt for general-purpose389

LLMs is beyond the scope of our work.390

Diverse Evaluation Surfaces Generalization391

Gaps. Restricting training to BIRD, we observed392

strong benchmark accuracy on BIRD-dev, but393

an average score 1.4 points lower when evalu-394

ated across a broader suite (Table 3), including395

BIRD-dev (Li et al., 2024), SPIDER (Yu et al., 396

2018), Spider2.0 (Yu et al., 2018), Spider-DK (Gan 397

et al., 2021), EHRSQL (Lee et al., 2022), and Sci- 398

enceBenchmark (Zhang et al., 2023). This high- 399

lights the risk of overfitting and the necessity of 400

evaluating on multiple datasets to ensure robust 401

generalization. 402

5 Main Result 403

Our final experiments build upon all prior empir- 404

ical insights: the training data includes the fil- 405

tered BIRD-training and SPIDER-training/dev sets, 406

along with the model-based filtered Gretel-Synth- 407

Filtered synthetic examples. The reinforcement 408

learning setup consists of (1) GRPO as the opti- 409

mization algorithm, (2) online training, (3) initial- 410

izing from OmniSQL supervised checkpoints, and 411

(4) using a modified OmniSQL prompt for both 412

training and evaluation. We report execution-based 413

accuracy results across all six benchmarks detailed 414

in Table 4. 415

XYZ-Text2SQL-R1 shows strong performance 416

on the BIRD benchmark (Table 5). Our largest 417

model ranks third overall, but first among models 418

with released research papers. XYZ-Text2SQL-R1- 419

32B reaches 73.84% accuracy with Few-sample 420

Self-Consistency and 71.83% under the stricter 421

greedy decoding setting. In the leaderboard, the 422

Self-Consistency column indicates the number of 423

sampled candidates (e.g., Few: 1–7, Many: 8–32). 424

Both XYZ-Text2SQL-R1-7B and XYZ-Text2SQL- 425

R1-14B exceed 70% on the BIRD test, and notably, 426

XYZ-Text2SQL-R1-7B matches the performance 427

of much larger systems such as ExCoT-70B (Zhai 428

et al., 2025) with an order of magnitude fewer pa- 429

rameters. 430

5.1 Performance Evaluation across Six 431

Benchmarks 432

Instead of optimizing the model for single bench- 433

mark performance, XYZ-Text2SQL-R1 achieves 434

best-in-class average performance across six differ- 435

ent benchmarks. Table 4 presents a comprehensive 436

comparison between XYZ-Text2SQL-R1 and a 437

wide range of open-source and proprietary models, 438
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Model OSS BIRD SPIDER Spider2.0 Spider EHR Science Average
(dev) (test) -SQLite† -DK SQL Benchmark

Models Size < 10B

DPSK-Coder-6.7B-Instruct (Guo et al., 2024) ✓ 43.1 70.5 4.4 60.9 28.6 40.8 41.4
Qwen2.5-Coder-7B-Instruct (Hui et al., 2024) ✓ 50.9 82.2 4.4 67.5 24.3 45.2 45.8
Qwen2.5-7B-Instruct (Yang et al., 2024a) ✓ 46.9 76.8 5.2 63.7 20.9 38.5 42.0
SQL-R1-7B* (Ma et al., 2025) ✗ 66.6 – – – – – –
OmniSQL-7B (Li et al., 2025) ✓ 63.9 87.9 13.3 76.1 34.9 50.2 54.4
Think2SQL-7B (Papicchio et al., 2025) ✗ 56.1 – – – – – –
OpenCoder-8B-Instruct (Huang et al., 2024) ✓ 37.5 68.3 1.5 62.6 21.9 39.8 38.6
Meta-Llama-3.1-8B-Instruct (Grattafiori et al., 2024) ✓ 42.0 72.2 1.5 62.6 24.6 36.8 40.0
Granite-8B-Code-Instruct (Mishra et al., 2024) ✓ 27.6 64.9 1.5 50.7 16.0 29.4 31.7
Granite-3.1-8B-Instruct (Mishra et al., 2024) ✓ 36.0 69.8 3.7 60.0 19.6 36.8 37.7

XYZ-Text2SQL-R1-7B ✓ 68.9 88.8 15.6 81.5 36.7 51.8 57.2
10B ≤Models Size ≤ 30B

Qwen2.5-Coder-14B-Instruct (Hui et al., 2024) ✓ 61.5 86.6 11.1 73.6 31.6 52.2 52.8
Qwen2.5-14B-Instruct (Yang et al., 2024a) ✓ 56.7 82.0 8.1 72.3 28.8 51.2 49.9
OmniSQL-14B (Li et al., 2025) ✓ 64.2 88.3 12.6 72.9 39.9 56.9 55.8
Reasoning-SQL-14B** (Pourreza et al., 2025) ✗ 64.2 81.4 – 73.0 – – –
Starcoder2-15B-Instruct (Lozhkov et al., 2024) ✓ 38.5 73.0 1.5 66.5 16.8 25.8 37.0
DPSK-Coder-V2-Inst (16B/MoE) (Zhu et al., 2024a) ✓ 44.6 77.9 2.2 63.7 23.9 39.1 41.9
Granite-20B-Code-Instruct (Mishra et al., 2024) ✓ 34.0 74.1 1.5 62.2 23.5 37.5 38.8
Codestral-22B (Mistral AI, 2024) ✓ 52.7 78.6 8.1 69.9 37.8 48.5 49.3

XYZ-Text2SQL-R1-14B ✓ 70.1 89.4 16.3 79.4 40.7 58.2 59.0
30B < Models Size or Unknown

Qwen2.5-Coder-32B-Instruct (Hui et al., 2024) ✓ 64.5 87.5 10.4 78.3 36.4 54.8 55.3
Qwen2.5-32B-Instruct (Yang et al., 2024a) ✓ 62.0 84.9 10.4 73.1 33.6 50.5 52.4
Xiyan-SQL-32B (Gao et al., 2024) ✓ 67.0 – – – – – –
ExDPO-32B (Zhai et al., 2025) ✓ 68.3 85.1 – – – – –
OmniSQL-32B (Li et al., 2025) ✓ 64.5 87.6 14.8 76.1 42.4 57.2 57.1
DPSK-Coder-33B-Instruct (Guo et al., 2024) ✓ 49.2 74.3 5.2 69.0 31.4 44.5 45.6
Granite-34B-Code-Instruct (Mishra et al., 2024) ✓ 33.8 74.4 0.0 64.7 23.8 40.1 39.5
Mixtral-8x7B-Inst. (47B, MoE) (Jiang et al., 2024) ✓ 35.3 67.8 3.7 55.3 21.5 29.4 35.5
Meta-Llama-3.1-70B-Instruct (Grattafiori et al., 2024) ✓ 65.1 84.3 7.4 75.1 37.4 55.2 54.1
ExDPO-70B (Zhai et al., 2025) ✓ 68.5 86.6 – – – – –
Qwen2.5-72B-Instruct (Yang et al., 2024a) ✓ 60.3 84.0 11.9 76.4 35.0 52.8 53.4
Command-A-111B (Team Cohere, 2025) ✓ 63.5 – – – – – –
DeepSeek-V3 (671B, MoE) (Liu et al., 2024) ✓ 63.2 85.5 14.8 72.9 43.2 56.2 55.6
GPT-4o-mini (OpenAI, 2023) ✗ 58.8 82.4 11.9 73.3 37.9 51.8 52.7
GPT-4-Turbo (OpenAI, 2023) ✗ 62.0 83.4 13.3 72.3 43.1 59.2 55.6
GPT-4o (OpenAI, 2023) ✗ 61.9 83.2 17.0 72.9 44.9 55.5 55.9

XYZ-Text2SQL-R1-32B ✓ 70.5 88.7 16.3 80.6 40.1 60.9 59.5

Table 4: Comparison between XYZ-Text2SQL-R1 and other Open-Source Software (OSS) / Proprietary models.
*: SQL-R1 (Ma et al., 2025) uses majority voting in evaluation. **: (Pourreza et al., 2025, Table 2) might use
schema linking, our number follows (Pourreza et al., 2025, Table 3/4). †: Spider2.0 was updated, so we re-evaluate
it instead of using the OmniSQL number. For SQL-specific models, generally sensitive to prompt and database
serialization, we take the number from their papers. DPSK stands for DeepSeek.

Model Self-Consistency Dev Test

Databricks RLVR 32B Few – 75.7
Sophon-Text2SQL-32B Many 72.4 74.8
XYZ-Text2SQL-R1-32B Few 72.2 73.8
Databricks RLVR 32B – 70.8 73.6
Jiayin-Pangu-Text2SQL-14B Many 71.1 73.5
XYZ-Text2SQL-R1-14B Few 71.4 72.2
SIFT-32B Scale 70.1 70.9
CrazyData-Text2SQL-32B Many – 70.7
Infly-RL-SQL-32B Few 70.1 70.6
XYZ-Text2SQL-R1-7B Few 70.1 70.4

Table 5: BIRD Single-Model Leaderboard (as of Octo-
ber 2025).

including general-purpose LLMs (e.g. DeepSeek- 439

V3, GPT-4o, GPT-4-Turbo), coding models (Qwen- 440

Coder), and specialized Text2SQL models (XiYan- 441

SQL, OmniSQL, ExCoT, SQL-R1, Reasoning- 442

SQL). Except where otherwise indicated, all eval- 443

uations use single-model, single-inference (i.e., 444

greedy decoding with no ensembling, schema link- 445

ing, or external re-ranking). 446

State-of-the-Art Across All Scales. XYZ- 447

Text2SQL-R1 consistently outperforms existing 448

state-of-the-art models across all parameter scales 449

and benchmarks. For models under 10B parame- 450

ters, XYZ-Text2SQL-R1-7B achieves an average 451

accuracy of 57.2, outperforming open-source com- 452
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Model BIRD-dev Spider-test Spider2.0-SQLite Spider-DK EHR SQL Science Benchmark Average

Qwen3-1.7B-Instruct 46.6 77.4 2.2 63.2 19.9 42.1 41.9
+ XYZ-Text2SQL-R1 58.7+12.1 83.8+6.4 4.4+2.2 72.3+9.1 33.9+14.0 47.8+5.7 50.2+8.3

LLaMA-3.2-3B-Instruct 18.2 50.3 0.7 34.4 5.5 20.7 21.6
+ XYZ-Text2SQL-R1 46.9+28.7 79.6+29.3 5.2+4.5 66.2+31.8 26.2+20.7 40.1+19.4 44.0+22.4

Table 6: Generalization of XYZ-Text2SQL-R1 across different model families.

petitors (e.g., OmniSQL-7B at 54.4) and closely453

rivaling, or surpassing, closed-source models such454

as SQL-R1-7B. In the 10B–30B range, XYZ-455

Text2SQL-R1-14B attains 59.0, exceeding strong456

baselines like OmniSQL-14B and Reasoning-SQL-457

14B. In the 30B+ category, XYZ-Text2SQL-R1-458

32B achieves the best results overall, with an aver-459

age of 59.5, outperforming the largest open-source460

and commercial models, including DeepSeek-V3461

(55.6), GPT-4-Turbo (55.6), and even GPT-4o462

(55.9).463

Parameter Efficiency and Task Specialization.464

Notably, XYZ-Text2SQL-R1-7B matches or sur-465

passes models such as DeepSeek-V3 (671B, MoE)466

and OmniSQL-32B on six benchmark accuracy,467

despite a fraction of their parameter count. These468

results highlight the advantages of task-specific469

training and reward design for compositional SQL470

reasoning.471

Benchmark-Specific Highlights. On chal-472

lenging benchmarks such as BIRD, Spider, and473

EHRSQL, XYZ-Text2SQL-R1 shows marked im-474

provements. For instance, on the BIRD-dev split,475

XYZ-Text2SQL-R1 7B, 14B, and 32B reach 68.9,476

70.1, and 70.5, setting new records across size477

categories. Substantial gains are also seen on478

Spider-DK and the Science benchmark, underscor-479

ing XYZ-Text2SQL-R1’s robustness and domain480

coverage.481

Generalizability Across Model Families. To482

demonstrate that the effectiveness of XYZ-483

Text2SQL-R1 is not confined to the Qwen-Coder484

family, we applied our training framework to485

two additional open-source models: Qwen3-1.7B-486

Instruct (Yang et al., 2025a) and LLaMA-3.2-3B-487

Instruct (Dubey et al., 2024). As shown in Table 6,488

we observed an average absolute improvement of489

8.3% for Qwen3-1.7B and a remarkable 22.4% for490

LLaMA-3.2-3B. We also noted that our framework491

helps align models with specific output formatting492

instructions, which contributed to the significant493

gains for LLaMA-3.2-3B. These results underscore494

the robustness and generalizability of our training495

paradigm across diverse model families.496

6 Discussion 497

Beyond the benchmark achievements, the develop- 498

ment of XYZ-Text2SQL-R1 revealed some insights 499

into model behavior and potential for exploiting 500

inference-time enhancements. These also motivate 501

further examination of the model’s comparative 502

standing. 503

Model Value Majority BIRD-dev
Size Retrieval Voting

14B

✗ ✗ 70.1
✓ ✗ 70.5
✗ ✓ 70.6
✓ ✓ 70.8

32B

✗ ✗ 70.5
✓ ✗ 70.9
✗ ✓ 71.2
✓ ✓ 71.5

Table 7: XYZ-Text2SQL-R1 with different evaluation
techniques on BIRD-dev.

Enhancing XYZ-Text2SQL-R1 with Other 504

Techniques. While XYZ-Text2SQL-R1 is de- 505

signed for efficient, direct inference, it can also 506

serve as the SQL generator in more complex agen- 507

tic systems. Table 7 shows results using two 508

inference-time enhancements: value retrieval (from 509

(Talaei et al., 2024)) and majority voting (as in (Li 510

et al., 2025; Ma et al., 2025)) with eight gener- 511

ations per sample. Each technique yields a tan- 512

gible improvement; combined, they boost XYZ- 513

Text2SQL-R1-32B performance by up to one point 514

on BIRD-dev, demonstrating complementary gains 515

from orthogonal reasoning components. 516

Response Length vs. Accuracy. Figure 1 plots 517

the evolution of response length and execution ac- 518

curacy across training for all three sizes of XYZ- 519

Text2SQL-R1. We observe a U-shaped pattern in 520

response length—initially decreasing, then grad- 521

ually increasing—as accuracy rises. This trend 522

may reflect early-stage conservative decoding (and 523

possible undertraining), followed by richer, more 524

grounded outputs as training progresses, an effect 525

also noted in previous work (Xie et al., 2025). 526
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Method Base Model Filtering Method
Reward BIRD SPIDER SPIDER
Design -dev -test -DK

Reasoning-SQL Qwen2.5-Coder-14B-Inst Large Models Prompt Complex 64.21 81.43 73.03
XYZ-Text2SQL-R1 Qwen2.5-Coder-14B-Inst Empty Golden-SQL Simple 66.49 87.20 75.10

Table 8: The comparison between XYZ-Text2SQL-R1 and Reasoning-SQL (Pourreza et al., 2025). The numbers
for the latter are from (Pourreza et al., 2025, Tables 4 and 5) and it might involve schema linking as mentioned
in (Pourreza et al., 2025, Table 2), but we are unsure; see Table B.1 for the reward design comparison.

Method Base Model
SFT Reward BIRD-dev SPIDER-test

(#Samples) Design GRE/MV GRE/MV

SQL-R1 Qwen2.5-Coder-7B-Inst ✗ Complex –/63.1 –/86.1
SQL-R1 Qwen2.5-Coder-7B-Inst ✓(200K) Complex –/59.2 –/86.4
Think2SQL Qwen2.5-Coder-7B-Inst ✓(9K) Complex 56.1/– 82.4/–
XYZ-Text2SQL-R1 Qwen2.5-Coder-7B-Inst ✗ Simple 63.9/64.8 85.0/87.1

SQL-R1 OmniSQL-7B ✗ Complex –/66.6 –/88.7
XYZ-Text2SQL-R1 OmniSQL-7B ✗ Simple 67.6/69.4 87.8/88.6

Table 9: Comparison of XYZ-Text2SQL-R1, SQL-R1 (Ma et al., 2025) and Think2SQL (Papicchio et al., 2025).
GRE: greedy decoding, MV: Majority Voting (8 candidates). Competitors numbers according to (Ma et al., 2025,
Table 2) and (Papicchio et al., 2025, Table 1 and 3); see Table B.1 for the reward design comparison.

Figure 1: Generation length and average accuracy across six
benchmarks.

Reasoning-SQL. To enable a fair comparison527

with Reasoning-SQL (Pourreza et al., 2025), we528

retrain XYZ-Text2SQL-R1 from the Qwen2.5-14B-529

Instruct base, use BIRD-training data alone, and530

run 3 epochs. Under these controlled settings, the531

two methods differ primarily in training data filter-532

ing (XYZ-Text2SQL-R1 uses simple empty-return-533

based removal, Reasoning-SQL uses LLM filter-534

ing) and reward design (our simple execution/syn-535

tax signal vs. a complex mixture). As shown in Ta-536

ble 8, XYZ-Text2SQL-R1 outperforms Reasoning-537

SQL by clear margins on BIRD-dev (+2.28),538

Spider-test (+5.77), and Spider-DK (+2.07). This539

underscores the power of direct, execution-guided540

reinforcement learning and streamlined filtering. 541

SQL-R1 and Think2SQL. We further compare 542

XYZ-Text2SQL-R1 with recently published SQL- 543

R1 (Ma et al., 2025) and Think2SQL (Papicchio 544

et al., 2025), restricting RL fine-tuning to BIRD- 545

training and evaluating under both greedy and ma- 546

jority voting regimes. As summarized in Table 9, 547

XYZ-Text2SQL-R1 delivers the best or near-best 548

performance in all configurations and consistently 549

outperforms prior approaches, even without exten- 550

sive pre-training or complex reward engineering. 551

7 Conclusions 552

We presented XYZ-Text2SQL-R1, a novel RL 553

framework for Text2SQL that uses GRPO and a 554

simple execution-based reward. It achieves 71.83% 555

execution accuracy (73.84% with self-consistency) 556

on BIRD-test as a single 32B model, ranking 557

among the top leaderboard entries while surpassing 558

substantially larger LLMs. Across six challenging 559

benchmarks, XYZ-Text2SQL-R1 yields up to 4 560

points improvement over strong baselines, with 561

notable parameter efficiency (e.g., the 7B version 562

matches or outperforms prior ExCoT-70B models 563

and GPT4o). Our results highlight that minimal 564

reward signals, principled data filtering, and 565

carefully curated training strategies are key for 566

robust SQL generation. We release models to 567

support future research in this area. 568
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Limitations569

Despite the progress achieved in this work, several570

limitations remain. As noted in Section 4.2, we571

did not exhaustively explore PPO hyperparameters,572

which may limit the strength of our conclusions.573

Similarly, we only partially examined data augmen-574

tation strategies in Section 4.1. In addition, while575

general-purpose LLMs are known to be prompt-576

sensitive, we did not systematically explore prompt577

variations in Section 4.3. Finally, we have con-578

ducted only limited evaluations of XYZ-Text2SQL-579

R1 across different model families, without cover-580

ing broader types and scales of models.581
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A LLM Usage Statement883

In preparing this manuscript, we employed LLMs884

solely for language polishing. Specifically, we used885

commercial LLMs as writing assistants to improve886

sentence structure, check grammar and spelling,887

and enhance overall readability and clarity of the888

text. No LLMs were used for research ideation,889

methodological design, data analysis, or code gen-890

eration. All scientific contributions, including the-891

oretical development, experimental design, imple-892

mentation, and analysis, were solely conducted by893

the authors.894

All text outputs from LLMs were carefully re-895

viewed and revised by the authors, who take full896

responsibility for the accuracy, originality, and in-897

tegrity of the manuscript. LLMs are not considered898

authors and bear no responsibility for this work.899

B Details of Related Work900

The research presented in XYZ-Text2SQL-R1901

draws inspiration from and aims to advance two902

key areas of investigation: the development of ro-903

bust Text2SQL systems and the refinement of re-904

inforcement learning techniques for sophisticated905

language model reasoning.906

Reinforcement Learning for LLM Reasoning.907

Recent research has demonstrated the potential908

of RL techniques to significantly enhance the909

reasoning capabilities of LLMs (OpenAI et al.,910

2025; Lambert et al., 2024; OpenAI et al., 2024;911

Guo et al., 2019). By providing explicit rewards912

for logical correctness and step-wise reasoning, RL913

enables models to autonomously discover effective914

problem-solving strategies, often mirroring struc-915

tured human reasoning (Xu et al., 2025; Wang et al.,916

2025; Yang et al., 2025b). Applications span math-917

ematical problem solving (where RL fine-tuning on918

step-by-step correctness or final answer accuracy919

yields substantial improvements (Shao et al., 2024;920

OpenAI et al., 2024)) and code generation, where921

preference optimization and RL from human922

feedback have led to greater code validity and923

efficiency (Wang et al., 2025; Yang et al., 2025b).924

Most prior methods are built on top of pol-925

icy gradient algorithms such as Proximal Policy926

Optimization (PPO) (Schulman et al., 2017) or,927

more recently, Group Relative Policy Optimiza-928

tion (GRPO) (Guo et al., 2025; Yang et al., 2024b;929

Dang and Ngo, 2025), which compares groups of930

generated responses rather than evaluating them931

in isolation. This approach is particularly pow-932

erful for reasoning tasks with multiple plausible 933

solutions, enabling the model to build a deeper 934

understanding of what constitutes high-quality rea- 935

soning (Kumar et al., 2025). For example, GRPO 936

has enabled models like DeepSeek-R1-Zero to de- 937

velop complex reasoning skills such as multi-step 938

chain-of-thought simply by being rewarded for cor- 939

rect final answers (Guo et al., 2025). The effec- 940

tiveness of these RL frameworks often hinges on 941

carefully designed preference datasets and reward 942

models that accurately reflect the subtleties of log- 943

ical reasoning. Our work draws on these insights, 944

by adapting GRPO for the Text2SQL domain and 945

focusing the reward signal on final executable cor- 946

rectness, encouraging the model to reason through 947

the full compositional structure of the query. 948

Text-to-SQL. The Text2SQL task has seen re- 949

markable progress over the years (Zhu et al., 950

2024b). Early systems were built on rule-based 951

approaches and handcrafted grammars, but proved 952

brittle when faced with linguistic ambiguity or 953

complex schema variation (Androutsopoulos et al., 954

1995; Li and Jagadish, 2014). The advent of neu- 955

ral sequence-to-sequence models helped automate 956

parts of the semantic parsing process, though such 957

models often required elaborate schema encoders 958

and strong supervision (Guo et al., 2019; Wang 959

et al., 2021). 960

More recently, the generalization power of 961

LLMs has revolutionized the field, as demonstrated 962

by numerous works leveraging pre-trained LLMs 963

for template-free SQL generation (Singh et al., 964

2025; Gao et al., 2023; Li et al., 2024). LLMs often 965

exhibit basic SQL competence on “out-of-the-box” 966

evaluation, but their performance on complex, 967

multi-table queries remains limited unless explicit 968

compositional reasoning is encouraged (Wei et al., 969

2023; Shao et al., 2024; Guo et al., 2025; OpenAI 970

et al., 2024). This has motivated the development 971

of techniques such as Chain-of-Thought prompt- 972

ing (Tai et al., 2023), query decomposition (Eyal 973

et al., 2023), optimization (Zhai et al., 2025), as 974

well as dynamic schema linking and execution- 975

based feedback (Hong et al., 2024; Deng et al., 976

2025). 977

Within this landscape, there is growing inter- 978

est in RL-based approaches for Text2SQL, often 979

building on structured, multi-component reward 980

functions that aggregate execution feedback, syn- 981

tactic validity, partial string overlap, schema con- 982

formance, and more (Pourreza et al., 2025; Ma 983

et al., 2025; Papicchio et al., 2025). However, such 984
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Framework Optimization (Reward)

Reasoning-SQL (Pourreza et al., 2025) GRPO (EX, syntax, n-gram, LLM, schema, format)
SQL-R1 (Ma et al., 2025) GRPO (EX, length, syntax, format)
Think2SQL (Papicchio et al., 2025) GRPO (precision, recall, cardinality, 2×format)
ExCoT (Zhai et al., 2025) DPO (EX)

XYZ-Text2SQL-R1 GRPO (EX, syntax)

Table B.1: The reward design comparison of XYZ-Text2SQL-R1 to existing reasoning models.

complex reward engineering risks encouraging su-985

perficial reward hacking, as observed in RL for986

semantic parsing (Skalse et al., 2022). In contrast,987

our work advocates for a simpler, execution-centric988

reward design, inspired by earlier RL-based seman-989

tic parsing approaches such as Seq2SQL (Zhong990

et al., 2017), and demonstrates that this minimal991

reward scheme can be both more stable and more992

effective in practice.993

Compared to most recent reasoning works (Pour-994

reza et al., 2025; Ma et al., 2025; He et al., 2025),995

or pairwise preference optimization (Zhai et al.,996

2025), our method is unique in unifying a stream-997

lined data filtering pipeline, group-based relative998

policy optimization, and a strictly execution-based999

reward (Table B.1).1000

C Additional Experimental Details.1001

Our training data are derived from the BIRD (Li1002

et al., 2024) training set and the training/develop-1003

ment splits of SPIDER (Yu et al., 2018). Rather1004

than directly adopting these sources, we apply a fil-1005

tering process aimed at data quality (see Table C.11006

and Section 4.1 for details).1007

Initial model selection is guided by performance1008

on the BIRD-dev and SPIDER-test sets, reported1009

via execution accuracy. As we noticed that a sole1010

focus on these two benchmarks risks overfitting,1011

we later broadened our evaluation suite for a more1012

robust assessment.1013

We use the Qwen2.5-Coder series (Hui et al.,1014

2024), including base, instruct, and reasoning-1015

oriented variants. Unless noted otherwise,1016

GRPO (Shao et al., 2024) is used as our default1017

RL algorithm. RL-specific settings include a gen-1018

eration temperature of 0.8, a total batch size of 2561019

(16 rollouts each), an update batch size of 128 per1020

GRPO step, KL penalty β = 0.001, and clip ratio1021

ϵ = 0.2 (see Section 3 for hyperparameter details).1022

D Construction Pipeline from 1023

Gretel-Synth to 1024

Gretel-Synth-NonFiltered 1025

To enable SQL execution and ensure meaningful 1026

query results, we use a carefully designed prompt 1027

to guide an LLM in generating realistic table data. 1028

Appendix D.1 illustrates this prompt, which pro- 1029

duces valid INSERT statements aligned with both 1030

the SQL context and query. 1031

These synthetic data inserts serve as the founda- 1032

tion for the construction pipeline outlined in Algo- 1033

rithm 1, which augments each sample with distrac- 1034

tive tables and applies filtering to retain executable, 1035

informative SQL examples. 1036

E Data Augmentation 1037

We perform data augmentation on the BIRD dataset 1038

following the prompt template shown in Figure E.1. 1039

Note that the task component is optional. To en- 1040

courage diversity in the generated data, we omit 1041

the task and answer fields when necessary. 1042

After obtaining a set of SQL queries, we apply 1043

a self-correction workflow as described in Algo- 1044

rithm 2 to ensure the SQLs are executable and 1045

yield non-empty results. The prompts used for 1046

self_correct and similar_error_refine are 1047

provided in Figure E.2. 1048

F Prompt Used For Training/Evaluation 1049

We present the prompt used for our training and 1050

evaluation in Figure F.1. 1051

G Examples from 1052

XYZ-Text2SQL-R1-32B 1053

We provide several examples here to illustrate 1054

the thinking process of XYZ-Text2SQL-R1-32B 1055

in Figure G.1, G.2, and G.3. Note that we did not 1056
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Prompt for Adding Synthetic Data

Adding Synthetic Data Prompt
You are an expert in SQL data modeling. Your task is to analyze the given SQL schema and, if
necessary, generate realistic and logically consistent sample data to ensure:
For a given <SQL Prompt>, both <SQL Query> and <SQL Context> can meet its requirements,
and <SQL Query> can query the corresponding data from the TABLE created by <SQL Context>.

Given a – **<SQL Prompt>**:
{question}

I have generated the <SQL Query> and <SQL Context>:
– **<SQL Query>**:
{sql_query}

– **<SQL Context>**:
{sql_context}

{error_informations}

I need data samples to validate the correctness of the <SQL Query>.
Therefore, please help me add one INSERT statement for each table in the <SQL Context>, with 5
sample rows per table.
The inserted data should ensure that the <SQL Query> can retrieve results from the tables.
Please ensure that it does not cause errors when using sqlite3.
Please do not include any additional explanations or instructions.

Please help me fix this **<SQL Context>** and ensure that it contains at most five records.
Please also help me modify **<SQL Query>** to ensure that it does not cause errors when using
sqlite3.

Please give your expanded **<SQL Context>** in: \\sql_context
your fixed **<SQL Query>** in: \\sql_query
and the **INSERT statements** in: \\sql_insert

Figure D.1: Prompt for Generating Executable SQL Context and Synthetic Data Inserts in the Gretel-Synth Pipeline
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Algorithm 1: Construction of Gretel-Synth-NonFiltered: Inserting Synthetic Data, Adding
Distractive Tables, and Filtering Executable SQL Samples
Input: Full dataset Gretel-Synth
Output: Gretel-Synth-NonFiltered after adding synthetic data and distractive tables
1. Insert Data Using LLM
Initialize Gretel-Synth-NonFiltered as empty list;
foreach sample in Gretel-Synth do

Initialize Gretel-Synth-ForNextRound← [sample];
for i← 1 to 8 do

Initialize next_round as empty list;
foreach sample in Gretel-Synth-ForNextRound do

/* We use GPT-4o to generate insert statements; prompt is provided in Appendix D.1 */

insert_stmts← GPT_generate_inserts(sample);
Execute sql_context to create tables;
Execute insert_stmts to populate data;
results← execute_sql_query(sample.sql_query);
if results not empty then

Append sample to Gretel-Synth-NonFiltered;
else

Append sample to next_round;
Gretel-Synth-ForNextRound← next_round;

2. Add Distractive Tables
foreach sample in Gretel-Synth-NonFiltered do

schema← sample.sql_context;
domain← sample.domain;
existing_tables← extract_table_names(schema);
if existing_tables is None then

continue;
/* Sample table count from BIRD/Spider distribution with added uniform noise */

n← sample_with_noise_from_table_distribution(table_counts);
/* Select non-conflicting table schemas from the same domain */

distractive_schemas← select_nonconflicting_schemas(domain,
existing_tables, n - 1);

/* Create distractive tables first, then target tables which may overwrite on name conflict */

create_database(distractive_schemas + schema);

3. Final Selection
foreach sample in Gretel-Synth-NonFiltered do

if length of sample.sql_query > 160 and sample.sql_query returns results then
Keep sample in Gretel-Synth-NonFiltered;

else
Discard sample from Gretel-Synth-NonFiltered;

return Gretel-Synth-NonFiltered;
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Prompt for BIRD Data Augmentation

Table information:
Table name: {table name}
Column name: {column name}
Column description: {column desc}
Sample rows: {samples}

Optional(Task: {task}. The answer to the task is: {answer}.)

Based on this, write 10 more complex nested SQLite SQL queries or SQLs with CTEs
in sql code block format. You can use any information in the database information provided. Each
query should be different. You can write SELECT query only. For each query, just write one
sentence to describe the task. Format like:

/*Task: {task description in one sentence}*/
SELECT ...

Don’t output other contents.

Figure E.1: Prompt for BIRD Data Augmentation

Algorithm 2: Self-Correction Workflow: Execution of multiple SQLs with self-correction and
refinement based on invalid result feedback to ensure augmented SQLs with valid results.
Input: List of SQL statements sqls
Output: List of successful results result_dic_list
Initialize result_dic_list as empty list;
Initialize error_rec as empty list;
while sqls not empty do

sql = sqls[0];
results = execute_sql_sqlite(sql);
if results is valid (i.e., string and not empty) then

Append sql and results to result_dic_list;
Continue to next SQL;

Initialize max_try;
while results is not valid do

if max_try == 0 then
break;

corrected_sql← self_correct(sql, results);
if corrected_sql is not valid then

continue;
Execute corrected SQL; results = execute_sql_sqlite(sql);
Decrease max_try by 1;

if results is valid then
if sqls not empty then

sqls← similar_error_refine(sqls);
if corrected_sql exists then

Append corrected_sql and results to result_dic_list;
return result_dic_list;
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Used for Training Used for Evaluation

Dataset
BIRD SPIDER- SPIDER- Gretel-Synth BIRD- SPIDER- Spider2.0- Spider- EHR Science

training training dev Filtered dev test SQLite DK SQL Benchmark

Size 8 017 6 972 985 11 811 1534 2 147 135 535 1 008 299

Table C.1: The datasets and their volume used in the paper. For BIRD-training, spider-training/dev, their original
sample sizes are 9428, 8659/1034.

Prompt for Self-Correction Workflow

Self-Correction Prompt
Input SQL: {sql}
The error information is: {error}
Please correct the SQL based on the previous context. Output your reasoning process followed by
only one corrected SQL query in the following format:
– Description: ...
<Corrected SQL here>
Do not output multiple SQLs or only an analysis without a final SQL.

Similar Error Refinement Prompt
The following SQL has been corrected:
Original SQL: {sql}
Corrected SQL: {corrected_sql}
Please correct the remaining SQL statements if they contain similar errors. The list of SQLs to be
refined is: {sqls}
For each corrected SQL, respond in the following format:
– Description: ...
<Corrected SQL here>

Figure E.2: Prompt for Self-Correction Workflow

cherry-pick the answer so the generated SQL might1057

be wrong.1058

H Qualitative Case Studies of RL1059

Training Effects1060

To better illustrate how RL with simple reward1061

signals improves the reasoning capabilities of our1062

model, we present two detailed case studies. These1063

examples highlight the unique advantages of our1064

framework in correcting subtle but critical reason-1065

ing errors that are difficult to address through su-1066

pervised fine-tuning alone.1067

Case Study 1: Resolving Ambiguity Between1068

Aggregation and Enumeration. Consider the1069

following question: “How many female patients1070

born in 1964 were admitted to the hospital? List1071

them by ID.” This query is inherently ambigu-1072

ous because it mixes two operations: counting pa-1073

tients (COUNT(ID)) and enumerating their identi-1074

fiers (SELECT ID). A model without RL training,1075

such as OmniSQL-32B (Li et al., 2025), often at- 1076

tempts to reconcile these conflicting intents by gen- 1077

erating a UNION query that merges an aggregate 1078

value (a single count) with a multi-row column (a 1079

list of IDs), as shown in Example H.1. Such an out- 1080

put is either syntactically invalid or semantically 1081

incoherent, rendering it useless. In contrast, our 1082

RL-trained model learns to avoid these pitfalls and 1083

instead produces a correct and executable query, 1084

as demonstrated in Example H.2. During train- 1085

ing, erroneous attempts of this kind consistently 1086

fail to execute and thus receive negative rewards. 1087

Over time, this feedback teaches the model both 1088

the grammatical constraints of SQL and, more im- 1089

portantly, the need to prioritize the user’s actual 1090

intent (in this case, “List them”). 1091

Case Study 2: Filtering Out Contextual Noise. 1092

A second source of errors arises from semantic mis- 1093

interpretation. In the BIRD (Li et al., 2024) dataset, 1094

natural language questions sometimes include con- 1095
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Prompt Template for Training/Evaluation

System:
You are a data science expert. Below, you are provided with a database schema and a natural
language question. Your task is to understand the schema and generate a valid SQL query to
answer the question.

User:
Database Engine:
SQLite

Database Schema: {Database Schema}
This schema describes the database’s structure, including tables, columns, primary keys, foreign
keys, and any relevant relationships or constraints.

Question:
{evidence + question}

Instructions:
- Make sure you only output the information that is asked in the question. If the question asks for a
specific column, make sure to only include that column in the SELECT clause, nothing more.
- The generated query should return all of the information asked in the question without any
missing or extra information.
- Before generating the final SQL query, please think through the steps of how to write the query.

Output Format:
Please provide a detailed chain-of-thought reasoning process and include your thought process
within ‘<think>‘ tags. Your final answer should be enclosed within ‘<answer>‘ tags.

Ensure that your SQL query follows the correct syntax and is formatted as follows:

```sql
– Your SQL query here
```

Example format:
<think> Step-by-step reasoning, including self-reflection and corrections if necessary. [Limited by
4K tokens] </think>
<answer> Summary of the thought process leading to the final SQL query. [Limited by 1K tokens]

```sql
Correct SQL query here
```
</answer>

Assistant:
Let me solve this step by step.
<think>

Figure F.1: Prompt Template for Training and Evaluation
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Example I of response from XYZ-Text2SQL-R1-32B

Question: Eligible free rate for K-12 = ‘Free Meal Count (K-12)‘ / ‘Enrollment (K-12)‘
What is the highest eligible free rate for K-12 students in the schools in Alameda County?

Assistant:
Let me solve this step by step.
<think>
1. **Identify the goal**: We need to find the highest eligible free rate for K-12 students in the
schools located in Alameda County. The rate is calculated as ‘Free Meal Count (K-12)‘ divided by
‘Enrollment (K-12)‘.

2. **Determine the relevant table and columns**:
- The relevant table is ‘frpm‘ because it contains the columns ‘Free Meal Count (K-12)‘ and
‘Enrollment (K-12)‘.
- However, we need to filter by County, which is in the ‘schools‘ table. Thus, we will need to
join the ‘frpm‘ table with the ‘schools‘ table on the ‘CDSCode‘ column to filter by the county name.

3. **Formulate the query**:
- We will calculate the eligible free rate by taking the ratio of ‘Free Meal Count (K-12)‘ and
‘Enrollment (K-12)‘.
- The ‘schools‘ table will be used to filter for schools in Alameda County.
- The ‘MAX‘ function will be used to find the highest eligible free rate.

4. **Join tables**:
- Use an ‘INNER JOIN‘ between the ‘schools‘ table and the ‘frpm‘ table on the ‘CDSCode‘
column to link them correctly.
</think>

<answer>
Here is the correct SQL query:

```sql
SELECT MAX(f.‘Free Meal Count (K-12)‘ / f.‘Enrollment (K-12)‘) AS HighestEligibleFreeRate
FROM frpm AS f
JOIN schools AS s ON f.CDSCode = s.CDSCode
WHERE s.County = ’Alameda’;
```

*Explanation**:
- The ‘JOIN‘ is used to connect the ‘frpm‘ and ‘schools‘ tables on the ‘CDSCode‘ column.
- The ‘WHERE‘ clause filters the records to only include those from Alameda County.
- The ‘MAX‘ function is used to find the highest value of the eligible free rate, which is calculated
as ‘Free Meal Count (K-12)‘ divided by ‘Enrollment (K-12)‘.

The resulting query is efficient and meets the requirements of the natural language ques-
tion.
</answer>

Figure G.1: Example I of response from XYZ-Text2SQL-R1-32B
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Example II of response from XYZ-Text2SQL-R1-32B

Question: Valid charter number means the number is not null. Rank schools by their average
score in Writing where the score is greater than 499, showing their charter numbers.

Assistant:
Let me solve this step by step.
<think>
1. **Understanding the Question**:
- We need to rank schools based on their average score in writing (‘AvgScrWrite‘) for scores
greater than 499.
- We should display the ‘CharterNum‘ of the school.
- A valid charter number means the number is not null.

2. **Identifying the Necessary Tables**:
- The ‘satscores‘ table contains the average scores for writing (‘AvgScrWrite‘) and the ‘cds‘ code
which can be used to join with the ‘schools‘ table.
- The ‘schools‘ table contains the ‘CharterNum‘ field which holds the charter number of the
schools.
- We need a join between the ‘satscores‘ and ‘schools‘ tables on the ‘cds‘ (from ‘satscores‘) and
‘CDSCode‘ (from ‘schools‘) fields.

3. **Filter Conditions**:
- We need to filter out schools with ‘AvgScrWrite‘ greater than 499.
- The ‘CharterNum‘ should not be null.

4. **Sorting**:
- The result needs to be sorted by the average score in writing (‘AvgScrWrite‘), in descending order.

5. **Selecting Columns**:
- We are only interested in the ‘CharterNum‘ field from the ‘schools‘ table.
</think>
<answer>
```sql
SELECT T2.CharterNum
FROM satscores AS T1
INNER JOIN schools AS T2
ON T1.cds = T2.CDSCode
WHERE T1.AvgScrWrite > 499 AND T2.CharterNum IS NOT NULL
ORDER BY T1.AvgScrWrite DESC;
```
</answer>
This query will:
- Join the ‘satscores‘ and ‘schools‘ tables based on the ‘cds‘ and ‘CDSCode‘ fields.
- Filter out schools with an average writing score (‘AvgScrWrite‘) greater than 499 and where
‘CharterNum‘ is not null.
- Sort the results by ‘AvgScrWrite‘ in descending order.
- Return only the ‘CharterNum‘ field.

Figure G.2: Example II of response from XYZ-Text2SQL-R1-32B
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Example III of response from XYZ-Text2SQL-R1-32B

Question: Eligible free rates for students aged 5-17 = ‘Free Meal Count (Ages 5-17)‘ / ‘Enrollment
(Ages 5-17)‘
What is the free rate for students between the ages of 5 and 17 at the school run by Kacey Gibson?

Assistant:
Let me solve this step by step.
<think>
1. The question asks for the rate of students between the ages of 5 and 17 who are eligible for free
meals. The formula provided for this rate is ‘Free Meal Count (Ages 5-17) / Enrollment (Ages
5-17)‘.
2. From the database schema provided, the relevant data can be found in the ‘frpm‘ table, which
contains the columns ‘Free Meal Count (Ages 5-17)‘ and ‘Enrollment (Ages 5-17)‘.
3. The condition for the school is based on an administrator’s name, Kacey Gibson. This
information is stored in the ‘schools‘ table in the columns ‘AdmFName1‘ and ‘AdmLName1‘.
4. To link the ‘frpm‘ table to the ‘schools‘ table, we use the ‘CDSCode‘ column, which is the
primary key in both tables.
5. The final query needs to join the ‘frpm‘ and ‘schools‘ tables on their common ‘CDSCode‘ key,
filter the rows for the specific administrator, and then compute and return the eligible free rate for
students aged 5-17.
</think>
<answer>
```sql
SELECT
(T1.‘Free Meal Count (Ages 5-17)‘ / T1.‘Enrollment (Ages 5-17)‘) AS free_rate
FROM
frpm AS T1
JOIN
schools AS T2
ON
T1.CDSCode = T2.CDSCode
WHERE
T2.AdmFName1 = ’Kacey’ AND T2.AdmLName1 = ’Gibson’;
```
This SQL query is correct and directly answers the question with the necessary steps and logic
based on the provided schema.
</answer>

Figure G.3: Example III of response from XYZ-Text2SQL-R1-32B

21



textual metadata such as the database name (e.g.,1096

student_club). Non-RL models frequently misinter-1097

pret this metadata as a core entity, leading to reason-1098

ing errors such as searching for a literal club named1099

“student_club,” as illustrated in Example H.3. Our1100

RL framework penalizes such misinterpretations1101

whenever they produce incorrect execution results.1102

Through repeated negative feedback, the model1103

learns to differentiate between background context1104

and the true semantic target of the query. Conse-1105

quently, the RL-trained model is able to maintain1106

focus on the actual user request, as shown in Ex-1107

ample H.4, rather than being misled by irrelevant1108

contextual tokens.1109

Broader Implications. These case studies il-1110

lustrate that while non-RL models can perform1111

chain-of-thought reasoning, their reasoning traces1112

are often fragile and prone to subtle errors. SFT1113

exposes the model only to correct examples, show-1114

ing it “what to do.” RL, by contrast, exposes the1115

model to both success and failure, teaching it “what1116

works” and “what does not.” The simple binary1117

signals from our GRPO training, reward for suc-1118

cess, penalty for failure, are sufficient to correct a1119

wide spectrum of reasoning errors, ranging from1120

technical syntax issues to deeper semantic misin-1121

terpretations.1122

I Compute Resource1123

All experiments were conducted on 8 H100-80GB1124

nodes (a total of 64 H100-80GB GPUs). Training1125

time ranged from a few hours for the 7B model to1126

up to 2.5 days for the final 32B model experiments.1127
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Example IV (Incorrect Response) from OmniSQL-32B in Case Study 1

Question: Female refers to SEX = ’F’; born in 1964 refers to YEAR(Birthday) = 1964; admitted
to the hospital refers to Admission = ’+’. How many female patients born in 1964 were admitted
to the hospital? List them by ID.

Golden SQL Query:
```sql
SELECT ID FROM Patient WHERE STRFTIME(’%Y’, Birthday) = ’1964’ AND SEX = ’F’
AND Admission = ’+’
```

Assistant:
Let me solve this step by step.
<think>
1. **Identify the goal**: Count how many patients satisfy all conditions and list their IDs.
Conditions: ‘SEX = ’F’‘, birth year = 1964, and ‘Admission = ’+’‘.
2. **Relevant table and columns**: Use the ‘Patient‘ table with columns ‘ID‘, ‘SEX‘, ‘Birthday‘,
and ‘Admission‘. Extract year via SQLite’s ‘STRFTIME(’%Y’, Birthday)‘.
3. **Formulate filters**: Apply a ‘WHERE‘ clause combining the three predicates with ‘AND‘.
4. **Output**: Listing IDs answers the "List them by ID". A separate count (or a window count)
answers "How many".
</think>
<answer>
Here is a correct SQL query matching the requirement to list IDs (Golden SQL):
```sql
SELECT ID
FROM Patient
WHERE STRFTIME(’%Y’, Birthday) = ’1964’
AND SEX = ’F’
AND Admission = ’+’;
```
If you also want the total count together with each ID in one result set (SQLite):
```sql
SELECT
ID,
COUNT(*) OVER() AS FemalePatientCount
FROM Patient
WHERE STRFTIME(’%Y’, Birthday) = ’1964’
AND SEX = ’F’
AND Admission = ’+’;
```
**Explanation**:
- ‘STRFTIME(’%Y’, Birthday) = ’1964’‘ extracts year-of-birth.
- ‘SEX = ’F’‘ restricts to female patients.
- ‘Admission = ’+’‘ keeps only admitted patients.
- The first query lists all matching IDs; the windowed variant also returns the total number.
</answer>

Figure H.1: Example IV (Incorrect Response) from OmniSQL-32B in Case Study 1
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Example V (Correct Response) from XYZ-Text2SQL-R1-32B in Case Study 1

Question: Female refers to SEX = ’F’; born in 1964 refers to YEAR(Birthday) = 1964; admitted
to the hospital refers to Admission = ’+’. How many female patients born in 1964 were admitted
to the hospital? List them by ID.

Golden SQL Query:
```sql
SELECT ID FROM Patient WHERE STRFTIME(’%Y’, Birthday) = ’1964’ AND SEX = ’F’
AND Admission = ’+’
```

Assistant:
<think>
1. **Understand the Question**: The question asks for the number of female patients (‘SEX
= ’F’‘) who were born in 1964 (‘YEAR(Birthday) = 1964‘) and were admitted to the hospital
(‘Admission = ’+’‘). The result should list these patients by their ‘ID‘.
2. **Identify the Table**: The ‘Patient‘ table contains all the necessary information to answer the
question, including ‘SEX‘, ‘Birthday‘, and ‘Admission‘.
3. **Filter Conditions**:
- ‘SEX = ’F’‘: This filters for female patients.
- ‘YEAR(Birthday) = 1964‘: This filters for patients born in 1964. SQLite does not have a ‘YEAR()‘
function, but we can use ‘strftime(’%Y’, Birthday)‘ to extract the year.
- ‘Admission = ’+’‘: This filters for patients who were admitted to the hospital.
4. **Select the Required Columns**: The question asks for the ‘ID‘ of the patients.
5. **Count the Patients**: The question also asks for the number of such patients, so we need to
use the ‘COUNT()‘ function.
6. **Order by ID**: The result should be listed by ‘ID‘.
7. **Construct the Query**: Based on the above analysis, we can construct the query.
</think>
<answer>
Here is the correct SQL query:
```sql
SELECT COUNT(ID) AS Total_Female_Patients, ID FROM Patient WHERE SEX = ’F’
AND strftime(’%Y’, Birthday) = ’1964’ AND Admission = ’+’ ORDER BY ID;
```
However, the above query will not work as intended because ‘COUNT(ID)‘ and ‘ID‘ cannot be
selected together without using ‘GROUP BY‘. Since the question asks for both the count and the
list of IDs, we need to separate these two requirements. The correct query to list the IDs is:
```sql
SELECT ID FROM Patient WHERE SEX = ’F’
AND strftime(’%Y’, Birthday) = ’1964’ AND Admission = ’+’ ORDER BY ID;
```
To get the count of such patients, run separately:
```sql
SELECT COUNT(*) AS Total_Female_Patients FROM Patient
WHERE SEX = ’F’ AND strftime(’%Y’, Birthday) = ’1964’ AND Admission = ’+’;
```
Thus, the final query to satisfy the "list by ID" requirement is the second one.
</answer>

Figure H.2: Example V (Correct Response) from XYZ-Text2SQL-R1-32B in Case Study 1

24



Example VI (Incorrect Response) from OmniSQL-32B in Case Study 2

Question: Full name of member refers to first_name, last_name. List the full name of the
Student_Club members that grew up in Illinois state.

Golden SQL Query:
```sql
SELECT T1.first_name, T1.last_name
FROM member AS T1
INNER JOIN zip_code AS T2 ON T1.zip = T2.zip_code
WHERE T2.state = ’Illinois’;
```

Assistant:
<think>
1. **Understand the Question**: We need the full names (‘first_name‘, ‘last_name‘) of
Student_Club members whose zip code corresponds to Illinois.

2. **Identify Relevant Tables**:
- ‘member‘: contains ‘first_name‘, ‘last_name‘, and ‘zip‘.
- ‘zip_code‘: contains ‘zip_code‘ and ‘state‘.
- ‘major‘: contains ‘major_id‘ and ‘major_name‘.

3. **Determine Join Conditions**:
- ‘member.zip = zip_code.zip_code‘.
- ‘member.link_to_major = major.major_id‘.

4. **Filter Conditions**:
- ‘zip_code.state = ’Illinois’‘.
- ‘major.major_name = ’Student_Club’‘.

5. **Select Columns**: Output ‘first_name‘ and ‘last_name‘ from the ‘member‘ table.
</think>
<answer>
Here is the correct SQL query:
```sql
SELECT member.first_name, member.last_name
FROM member m
JOIN major mj ON m.link_to_major = mj.major_id
JOIN zip_code z ON m.zip = z.zip_code
WHERE z.state = ’Illinois’ AND mj.major_name = ’Student_Club’;
```
**Explanation**:
- The ‘INNER JOIN‘ ensures we match members with both their associated major and their zip
code.
- The ‘WHERE‘ clause restricts results to members who are in the state of Illinois and belong to
the Student_Club.
- Selecting ‘first_name‘ and ‘last_name‘ outputs each qualifying member’s full name.
</answer>

Figure H.3: Example VI (Incorrect Response) from OmniSQL-32B in Case Study 2
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Example VII (Correct Response) from XYZ-Text2SQL-R1-32B in Case Study 2

Question: Full name of member refers to first_name, last_name. List the full name of the
Student_Club members that grew up in Illinois state.

Golden SQL Query:
```sql
SELECT T1.first_name, T1.last_name
FROM member AS T1
INNER JOIN zip_code AS T2 ON T1.zip = T2.zip_code
WHERE T2.state = ’Illinois’;
```

Assistant:
<think>
1. **Understand the Question**: The question asks for the full name (‘first_name‘, ‘last_name‘)
of members who are associated with the Student_Club and who grew up in Illinois.

2. **Identify Relevant Tables**:
- ‘member‘: contains ‘first_name‘, ‘last_name‘, and ‘zip‘.
- ‘zip_code‘: contains ‘zip_code‘ and ‘state‘.

3. **Join Tables**: Use ‘member.zip = zip_code.zip_code‘ to connect the two tables.

4. **Filter Conditions**: Restrict to ‘zip_code.state = ’Illinois’‘.

5. **Select Fields**: Output ‘first_name‘ and ‘last_name‘ from ‘member‘.
</think>

<answer>
Here is the correct SQL query:

```sql
SELECT DISTINCT m.first_name, m.last_name
FROM member m
JOIN zip_code z ON m.zip = z.zip_code
WHERE z.state = ’Illinois’;
```

**Explanation**:
- The ‘JOIN‘ links each member to their state via the ‘zip‘ code.
- The ‘WHERE‘ clause restricts results to Illinois residents.
- ‘DISTINCT‘ ensures duplicate names are not repeated.
</answer>

Figure H.4: Example VII (Correct Response) from XYZ-Text2SQL-R1-32B in Case Study 2
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