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Abstract001

Recent advances in Text-to-SQL have greatly002
benefited from large language models, yet003
small and medium-sized models still suffer004
from frequent execution errors and limited005
self-correction ability. We present ReSQL006
(Retrieval-augmented error reasoning for Text-007
to-SQL), a self-improving framework that gen-008
erates and learns from its own error-reasoning009
dataset, enabling models to autonomously re-010
fine their SQL generation and correction ca-011
pabilities. ReSQL combines feedback-driven012
fine-tuning with retrieval-based inference: it013
gathers model-generated errors, analyzes them014
through structured feedback prompts, and re-015
trieves relevant correction examples during in-016
ference. This unified approach allows models017
to internalize robust error-reasoning patterns018
and dynamically apply them to unseen queries.019
Experimental results on the SPIDER and BIRD020
benchmarks show that ReSQL substantially im-021
proves execution accuracy and self-correction022
ability over strong baselines, achieving com-023
petitive performance with much larger propri-024
etary models such as GPT-4. Our findings025
highlight ReSQL as a promising step toward026
self-improving, reasoning-aware Text-to-SQL027
systems that can continually enhance their re-028
liability and interpretability without external029
supervision. All code and generated reasoning030
datasets are available to facilitate application to031
open-source LLMs and reproducible baseline032
training.033

1 Introduction034

Text-to-SQL generation has emerged as a criti-035

cal component in the field of natural language in-036

terfaces to databases, enabling non-expert users037

to query relational databases using natural lan-038

guage (Katsogiannis-Meimarakis and Koutrika,039

2023). By democratizing data access and analy-040

sis, it empowers a broader range of users to extract041

valuable insights from complex database systems.042

The evolution of Text-to-SQL systems has been 043

marked by several key phases. Early approaches 044

were often domain-specific, relying on controlled 045

natural language or rule-based methods (Popescu 046

et al., 2004; Meo et al., 1996). Later, researchers 047

developed more domain-independent solutions us- 048

ing supervised models trained on diverse datasets 049

such as BERT (Deng et al., 2020; Lin et al., 050

2020; Zhong et al., 2020). The advent of deep 051

learning brought about neural models trained on 052

large text and code repositories (Guo et al., 2019; 053

Katsogiannis-Meimarakis and Koutrika, 2021), fur- 054

ther improving performance and generalization. 055

Recently, Large Language Models (LLMs) have 056

demonstrated promising performance in Text-to- 057

SQL tasks through in-context learning, including 058

zero-shot and few-shot settings (Chang et al., 2020; 059

Gu et al., 2023; Dong et al., 2023). However, de- 060

spite significant advancements in recent years, gen- 061

erating SQL queries from natural language remains 062

a challenging task, particularly for complex queries 063

that involve multiple tables, joins, nested structures, 064

and intricate conditions (Qi et al., 2022; Rai et al., 065

2023). Benchmarks such as SPIDER (Yu et al., 066

2018) and BIRD (Li et al., 2024b) reveal these lim- 067

itations by exposing models to execution failures 068

that often stem from deeper reasoning deficien- 069

cies. These benchmarks highlight the persistent 070

gap between syntactic accuracy and true semantic 071

understanding, emphasizing the need for mecha- 072

nisms that can identify, explain, and systematically 073

correct such errors. Execution error rates in current 074

Text-to-SQL systems remain high-reaching up to 075

70.85% on challenging benchmarks (See Table 1). 076

To address these persistent execution errors, we 077

propose ReSQL, a novel framework designed to 078

enhance step-by-step error diagnosis and correc- 079

tion through explicit reasoning. ReSQL constructs 080

a self-generated dataset to systematically expose 081

models to diverse execution errors, enabling struc- 082

tured learning of error detection and repair strate- 083
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Model SPIDER (%) BIRD (%)

Llama-3.2 1B 49.60 70.85
Llama-3.2 3B 20.91 45.16
Llama-3.1 8B 7.07 28.69

Qwen-2.5 1.5B 28.31 58.15
Qwen-2.5 3B 17.73 43.63
Qwen-2.5 7B 5.14 28.59

Gemma-2 2B 37.60 67.04
Gemma-2 9B 8.41 27.49

Mistral-v0.3 7B 18.03 45.85

Table 1: Percentage of execution errors in SQL queries
generated by each model, used for constructing the train-
ing dataset. The SPIDER dataset contains 7,000 training
instances, while BIRD contains 8,556.

gies. By integrating this correction knowledge di-084

rectly into training, ReSQL improves both the ro-085

bustness and reliability of Text-to-SQL models, par-086

ticularly for smaller architectures that struggle with087

complex, real-world database queries. In contrast088

to prior methods that primarily rely on inference-089

time reranking (Wang et al., 2022) or prompting090

techniques (Gao et al., 2024), ReSQL embeds struc-091

tured error reasoning into the model’s training loop,092

allowing it to internalize correction strategies and093

generalize more effectively.094

Additionally, we incorporate a retrieval-095

augmented generation (RAG)-based fine-tuning096

framework that enhances a model’s reasoning097

ability to recognize and correct execution errors.098

By incorporating retrieval-based augmentation,099

ReSQL provides explicit error correction guidance,100

allowing models to systematically improve their101

understanding of execution failures and learn ef-102

fective correction strategies, significantly reducing103

rare execution errors. Through extensive experi-104

ments, we demonstrate that ReSQL-trained models105

consistently achieve significant performance gains106

on both the SPIDER and BIRD benchmarks,107

surpassing all state-of-the-art in-context learning108

methods. Notably, 7B–9B parameter models109

trained with ReSQL outperform GPT-4, which110

achieves execution accuracies of 79.35% on111

SPIDER and 46.35% on BIRD. Our results112

indicate that even smaller models, when equipped113

with effective error reasoning mechanisms, can114

achieve up to 83% higher performance (Llama 1B)115

compared to standard supervised fine-tuning (SFT),116

significantly improving their error correction117

capabilities across diverse query complexities and118

execution challenges.119

In summary, ReSQL enhances Text-to-SQL120

model robustness by leveraging self-generated 121

datasets for error reasoning, narrowing the gap be- 122

tween general-purpose language models and spe- 123

cialized task-specific models. While SQL exe- 124

cution feedback and RAG have been separately 125

studied (Pourreza and Rafiei, 2024; Ziletti and 126

D’Ambrosi, 2024), their joint integration remains 127

underexplored. Our work reframes this integration 128

as a form of externalized metacognition, where re- 129

trieval provides episodic memory over past reason- 130

ing failures and feedback fine-tuning reinforces pro- 131

cedural reasoning. This view bridges previously in- 132

dependent research threads in error-driven learning 133

and retrieval-augmented reasoning. Our main con- 134

tribution is a unified framework that operational- 135

izes retrieval-augmented error reasoning, enabling 136

models to diagnose, explain, and correct execution 137

errors through a structured self-improvement cycle. 138

2 Related Work 139

Large language models (LLMs) have advanced 140

Text-to-SQL systems, notably through self- 141

correction mechanisms and prompting-based ap- 142

proaches. 143

Self-Correction in Text-to-SQL: Prior work 144

explores enabling models to self-correct gener- 145

ated SQL queries, often within in-context learning 146

frameworks, to improve execution accuracy. Early 147

approaches such as self-consistency (Wang et al., 148

2022) select among multiple candidate queries 149

via voting, while subsequent methods introduce 150

explicit correction signals. For example, self- 151

debugging (Chen et al., 2023) revises erroneous 152

outputs using model-generated explanations, DIN- 153

SQL (Pourreza and Rafiei, 2024) applies human- 154

written guidelines to correct common error patterns, 155

and MAGIC (Askari et al., 2025) automates this 156

process by generating correction guidelines. 157

Prompting and Retrieval-Augmented Tech- 158

niques for Text-to-SQL: Text-to-SQL systems 159

commonly rely on in-context learning and zero- 160

shot prompting, often enhanced with retrieval- 161

augmented techniques. Prompting strategies such 162

as Chain-of-Thought reasoning (Zhang et al., 163

2023) and decompositional methods (e.g., DAIL- 164

SQL (Gao et al., 2023), MAC-SQL (Wang et al., 165

2023)) improve query generation. Retrieval- 166

Augmented Generation (RAG) further enhances 167

in-context learning by selecting relevant examples, 168

as demonstrated in Text-to-SQL systems such as 169

Dubo-SQL (Thorpe et al., 2024) and Ziletti and 170
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Figure 1: Overview of the ReSQL framework. Figure (A) illustrates how the base language model (LM) generates
a self-supervised reasoning dataset from the training data via a structured error analysis process consisting of
three stages: (1) explaining the incorrect query, (2) debugging the error, and (3) suggesting a correction. This
self-generated reasoning dataset is then combined with the original training data for fine-tuning, as shown in
Figure (B). In Figure (C), the reasoning dataset is vectorized and used for retrieval. Based on the input question
and the type of execution error, the top-3 relevant RAG examples are selected for few-shot prompting. With this
additional contextual guidance, the model produces a corrected SQL query, thereby improving execution accuracy
and robustness.

D’Ambrosi (2024), particularly in domain-specific171

settings.172

In addition, multi-stage prompting approaches,173

including schema-aware and schema-linking174

prompts, improve SQL generation (Xiong et al.,175

2024).176

Reasoning for Text-to-SQL: Text-to-SQL pars-177

ing enables non-experts to query databases us-178

ing natural language, yet models often struggle179

with execution errors, particularly small language180

models. To address this, several methods incor-181

porate reasoning mechanisms to improve SQL182

generation. CHASE-SQL (Pourreza et al., 2025)183

explores multi-path reasoning with candidate se-184

lection, SQL-CRAFT (Xia et al., 2024) employs185

an interactive correction loop with Python-based186

reasoning, and GRL-SQL (Gong and Sun, 2024)187

models schema relationships via graph-based self-188

attention.189

Early efforts have laid a solid foundation for190

Text-to-SQL, but the integration of self-correction191

techniques remains underdeveloped. While SQL192

execution feedback and retrieval-augmented gen-193

eration (RAG) have been studied separately (Xu194

et al., 2025; Gao et al., 2023; Pourreza and Rafiei,195

2023; Wang et al., 2024), their joint integration re-196

mains underexplored. Our approach builds on this197

line of work by combining feedback fine-tuning 198

with retrieval, where fine-tuning supports general 199

reasoning and retrieval facilitates the recall of rare 200

error cases. 201

3 ReSQL Framework 202

The ReSQL framework introduces a unified, self- 203

supervised learning paradigm in which a single lan- 204

guage model autonomously generates, diagnoses, 205

and corrects its own Text-to-SQL errors, with- 206

out relying on model distillation. Beginning with 207

the SPIDER and BIRD benchmarks, the model 208

first produces SQL queries, including erroneous 209

ones, and then leverages execution feedback to con- 210

struct structured reasoning explanations, forming 211

the ReSQL reasoning dataset. This self-generated 212

dataset is subsequently used to fine-tune the same 213

model, enhancing its robustness, self-correction 214

capabilities, and awareness of reasoning errors. 215

The overall architecture of ReSQL, illustrated 216

in Figure 1, consists of three tightly integrated 217

stages: (1) Reasoning data generation, (2) Self- 218

improving training, and (3) retrieval-augmented 219

inference. Each stage plays a distinct yet comple- 220

mentary role in the framework and is described in 221

detail below. 222

3



3.1 Generating Self-Improving Error223

Reasoning Dataset224

The core component of our framework is the gen-225

eration of an error reasoning dataset to enhance226

the model’s reasoning capabilities. For each execu-227

tion error encountered in the SPIDER and BIRD228

datasets, we provide the ground-truth SQL query229

and corresponding error message, enabling the230

model to analyze the incorrect query. The reason-231

ing process consists of three key steps: (1) explain-232

ing the behavior of the incorrect SQL query, (2)233

identifying specific issues within it, and (3) sug-234

gesting corrections to produce the correct query.235

Formally, the Text-to-SQL task can be expressed236

as a mapping:237

si = fG(di, qi), (1)238

where qi is a natural-language question, di is the239

corresponding database schema, and si is the gen-240

erated SQL query. Executing si on di produces241

feedback:242

ei = fE(si, di), (2)243

with ei representing either an execution result or244

an error message.245

The augmented reasoning data maintains the246

same input–output format as the original training247

pairs (natural language to SQL), but we embed248

the error analysis and correction process into the249

training examples using structured templates (See250

Appendix A.10.2). This ensures consistency across251

datasets and enables the model to learn from both252

original (NL-SQL) and rectified (NL-Reasoning-253

Correct SQL) formats. During fine-tuning, both254

formats are mixed, with special tokens delimiting255

reasoning sequences, so the model can generalize256

across heterogeneous supervision without confu-257

sion.258

Even with a model size of 1B parameters, lever-259

aging gold queries and structured guidelines allows260

for accurate error analysis. We fine-tune the model261

using this reasoning data alongside the original262

training set of either BIRD or SPIDER, depend-263

ing on the task. This approach not only strength-264

ens generic Text-to-SQL capabilities but also en-265

hances the model’s reasoning ability, enabling it to266

identify and correct frequent errors through struc-267

tured analysis. Rather than simple error correction,268

our method fosters a step-by-step reasoning pro-269

cess akin to chain-of-thought (CoT) reasoning (Liu270

et al., 2023a). This reasoning dataset combined271

with original train dataset are used for fine-tuning.272

Recognizing the importance of data quality in 273

reasoning-driven fine-tuning, we verify our rea- 274

soning dataset using G-Eval (Liu et al., 2023b), 275

an LLM-based evaluator that assesses whether the 276

generated reasoning correctly justifies the trans- 277

formation from incorrect to correct SQL. Moti- 278

vated by prior work such as LIMA (Zhou et al., 279

2024), which highlights the impact of small but 280

high-quality fine-tuning data, we applied G-Eval 281

to the reasoning dataset and observed high cor- 282

rectness rates, confirming the reliability of ReSQL 283

as shown in Appendix A.5. Further details on the 284

evaluation format can be found in Appendix A.10.3. 285

The generated reasoning datasets for each model 286

are openly released to support reproducibility and 287

further research in reasoning-based Text-to-SQL 288

modeling. 289

3.2 Retrieval-Augmented Text-to-SQL 290

Generation for Error Correction 291

For each model, we maintain a distinct set of ex- 292

ecution error samples derived from SPIDER and 293

BIRD. During inference, we incorporate this set 294

into a RAG framework. Specifically, when the 295

model encounters an execution error, it retrieves 296

the top three most similar error instances based on 297

vector similarity between the given question and 298

the error message. These retrieved samples serve 299

as in-context learning examples, particularly aid- 300

ing in handling underrepresented error types in the 301

training dataset. 302

Given an error feedback ei, ReSQL retrieves the 303

k most similar reasoning exemplars: 304

ri =
(
sim

(
(qi, ei), E

)
, k

)
, (3) 305

where E is the vector store of prior error–reasoning 306

pairs and sim(·) denotes embedding similarity. The 307

model then refines its initial SQL prediction s
(0)
i 308

using this retrieved context: 309

s
(k+1)
i = fR

(
qi, di, s

(k)
i , ei, ri

)
, (4) 310

and this retrieval–refinement process is repeated 311

until a correct or converged query is obtained. 312

Since these error samples are already part of the 313

training set, the fine-tuned model has previously 314

encountered and learned from them. This raises 315

two critical questions: (1) Does retrieving the same 316

error samples during inference provide additional 317

benefits, or is it redundant? (2) Does the model 318

continue to struggle with errors it has already been 319

trained on? 320
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As shown in Appendix A.9, the distribution of321

error types is highly imbalanced, leaving rare or322

domain-specific cases underrepresented and lim-323

iting the model’s ability to generalize even when324

trained on error samples. In this context, retrieval325

acts as an external recall mechanism, enhancing326

our unified approach by exposing rare yet relevant327

patterns during inference. The retrieval mecha-328

nism is not redundant with fine-tuning; rather, fine-329

tuning equips the model with the reasoning scaffold330

needed to utilize retrieved examples effectively. We331

demonstrate that ReSQL with RAG significantly332

reduces these error types, indicating enhanced ro-333

bustness in handling text-to-SQL errors.334

4 Experimental Setup335

4.1 Models336

We evaluate instruction-tuned LLMs across di-337

verse families and scales to study the effect of338

fine-tuning on a self-debugging dataset, includ-339

ing LLaMA-3.2 (1B, 3B), LLaMA-3.1 8B (Dubey340

et al., 2024), Qwen-2.5 (1.5B, 3B, 7B) (Yang et al.,341

2024), Mistral-v0.3 7B (Jiang et al., 2023), and342

Gemma2 (2B, 9B) (Team et al., 2024). We also343

include CodeS (Li et al., 2024a), a state-of-the-art344

Text-to-SQL model pretrained on large-scale syn-345

thetic (NL, SQL) data.346

For comparison, we evaluate instruction-only347

baselines and standard supervised fine-tuning. The348

baseline uses the instruction-tuned model without349

additional fine-tuning, while Simple SFT applies350

conventional supervised fine-tuning on the SPIDER351

or BIRD training splits without error reasoning352

or retrieval. This setup represents standard fine-353

tuning pipelines and provides a reference point for354

evaluating self-correction methods.355

To evaluate inference-time self-correction for356

handling SQL execution errors, we compare several357

representative approaches. MAGIC (Askari et al.,358

2025) performs iterative correction using a multi-359

agent framework that identifies errors and revises360

queries based on predefined correction guidelines.361

Self-Debugging (Chen et al., 2023) enables mod-362

els to refine their own SQL outputs by executing363

queries, generating natural language explanations,364

and using the resulting feedback for revision. Self-365

Consistency (Wang et al., 2022) generates multiple366

candidate queries and selects the most frequent one367

via voting, with additional retries when execution368

errors occur.369

All fine-tuning used LoRA (Hu et al., 2022)370

parameter-efficient updates to make large mod- 371

els manageable while keeping training consistent 372

across scales. The detailed setup is summarized in 373

Appendix A.7. 374

The training objective minimizes the token-level 375

loss between the refined output and the gold SQL: 376

LReSQL =
∑
i

ℓ
(
fR(qi, di, s

′
i, ei, ri), s

∗
i

)
, (5) 377

where s′i is the model’s initial SQL, s∗i the ground- 378

truth SQL, and ℓ the cross-entropy loss. 379

4.2 Dataset 380

We evaluated the models on two cross-domain 381

datasets: SPIDER and BIRD. SPIDER contains 382

10,181 natural language questions paired with 383

5,693 unique SQL queries covering 200 databases 384

and 138 domains. It is divided into 8,659 train- 385

ing and 1,034 development examples, with SQL 386

queries categorized into four difficulty levels: 387

Easy, Medium, Hard, and Extra Hard. BIRD 388

comprises 12,751 question–SQL pairs across 95 389

databases and 37 professional domains, includ- 390

ing blockchain, healthcare, and education. Be- 391

yond SQL queries, it incorporates four types of 392

external knowledge—numeric reasoning, domain- 393

specific information, synonyms, and value illus- 394

trations—and groups queries into three difficulty 395

levels: Simple, Medium, and Challenging. To fa- 396

cilitate schema linking, we provided sample table 397

rows and external knowledge as hints. Each model 398

was trained on a distinct subset of instances derived 399

from its execution errors on the training set. 400

4.3 Metric 401

We assess model performance using Execution Ac- 402

curacy (EX) and Correction Rate (CR). 403

Execution Accuracy (EX) measures whether the 404

execution results of generated SQL queries match 405

those of the reference (gold) query. This metric 406

accounts for semantically equivalent but syntacti- 407

cally different SQL formulations. Performance is 408

reported after up to two correction iterations, as 409

improvements beyond the second iteration are typi- 410

cally marginal (see Appendix A.2). 411

Correction Rate (CR) quantifies the proportion 412

of initially incorrect queries that are successfully 413

corrected through the model’s error-revision pro- 414

cess. A correction is deemed successful only when 415

the revised query yields execution results consistent 416

with the gold query, not merely when it becomes 417

executable. Thus, CR captures the model’s ability 418

5



Method Llama Qwen Mistral Gemma CodeS GPT-4
1B 3B 8B 1.5B 3B 7B 7B 2B 9B 1B 3B 7B

Baseline 3.78 22.75 38.27 13.82 24.45 44.39 28.23 13.36 37.16 22.23 29.07 30.77 46.35
Simple SFT 13.56 26.66 43.74 17.28 25.10 48.50 41.59 18.51 40.42 26.86 31.94 36.11 -

Self-Correction Guideline (Askari et al., 2025) 9.84 25.55 45.89 15.51 26.53 49.74 43.61 15.45 43.22 27.84 34.10 38.07 49.87
Self-Debugging (Chen et al., 2023) 13.49 27.31 44.00 16.88 24.58 48.91 42.24 18.77 41.33 26.92 33.57 37.87 49.41
Self-Consistency (Wang et al., 2022) 14.34 26.86 44.46 18.25 25.81 49.15 42.37 19.23 40.29 27.05 32.79 38.92 49.67

ReSQL w/o RAG 23.79 42.83 48.24 26.73 38.33 52.74 47.26 25.95 50.26 33.96 40.68 51.04 -
ReSQL 24.84 44.04 48.83 28.23 39.18 53.78 47.65 26.92 49.74 34.94 41.33 52.28 -

Table 2: Execution accuracy (EX) on the BIRD-dev dataset after the second error-correction iteration. GPT-4 results
are reported only for methods not requiring fine-tuning. Best scores are in bold; second-best are underlined.

Method Llama Qwen Mistral Gemma CodeS GPT-4
1B 3B 8B 1.5B 3B 7B 7B 2B 9B 1B 3B 7B

Baseline 20.02 49.03 59.67 38.01 46.71 68.76 44.00 44.78 61.12 55.71 64.60 66.05 79.35
Simple SFT 52.03 57.35 75.53 53.09 57.16 76.11 75.82 55.32 75.15 62.67 68.09 73.21 -

Self-Correction Guideline (Askari et al., 2025) 51.35 58.41 76.60 51.26 57.64 78.34 77.76 58.22 78.92 61.61 68.86 73.89 79.98
Self-Debugging (Chen et al., 2023) 52.42 57.74 76.60 54.35 58.32 79.69 77.66 56.29 77.95 63.15 68.09 73.50 79.78
Self-Consistency (Wang et al., 2022) 54.26 59.86 75.92 54.35 58.99 77.47 76.60 55.90 75.24 63.06 69.63 73.31 79.98

ReSQL w/o RAG 61.25 68.41 77.48 64.39 68.25 80.95 76.95 60.95 81.32 67.99 72.63 77.57 -
ReSQL 62.34 69.25 77.58 66.29 70.36 81.29 78.53 62.02 80.51 68.86 73.11 78.53 -

Table 3: Execution accuracy (EX) on the SPIDER-dev dataset after the second error-correction iteration. GPT-4
results are reported only for methods not requiring fine-tuning. Best scores are in bold; second-best are underlined.

to transform erroneous outputs into semantically419

correct ones.420

5 Result421

5.1 Text-to-SQL Self-Correction Benchmark422

Tables 2 and 3 present the execution accuracy (EX)423

of various models on the BIRD-dev and SPIDER-424

dev datasets, respectively. Across all model scales,425

our proposed method, ReSQL, consistently out-426

performs both baseline methods and other state-427

of-the-art techniques, demonstrating its efficacy428

in reducing execution errors. Notably, the perfor-429

mance gap between ReSQL and prior approaches430

is particularly pronounced in smaller models (e.g.,431

Llama-1B, Qwen-1.5B, Gemma-2B, CodeS-1B),432

where the presence of execution errors is more sig-433

nificant. This highlights the ability of ReSQL to434

refine SQL generation effectively, even in models435

with limited capacity. For example, in BIRD-dev,436

ReSQL enhances Llama-1B’s accuracy from 3.78%437

(Baseline) to 24.84%, a nearly sevenfold improve-438

ment, significantly outperforming Self-Consistency439

(14.34%). Similarly, ReSQL improves Gemma-440

2B from 13.36% to 26.92%, and CodeS-1B, a441

pretrained Text-to-SQL model, from 22.23% to442

34.94%, demonstrating that ReSQL enhances per-443

formance even on models already specialized for444

SQL generation, whereas other methods struggle445

to provide such a robust correction. 446

Even for larger models with inherently higher 447

execution accuracy, ReSQL provides consistent im- 448

provements, demonstrating that fine-grained error 449

correction remains valuable across scales. Results 450

for 32B and 70B models confirm the framework’s 451

scalability and robustness (See Appendix A.3). 452

The comparison between ReSQL and ReSQL w/o 453

RAG further highlights the benefit of RAG, partic- 454

ularly for rare or complex queries. For instance, 455

Mistral-7B achieves a performance increase from 456

76.95% to 78.53% on SPIDER-dev, while Qwen- 457

3B shows the largest RAG-driven gain—from 458

68.25% to 70.36%, demonstrating the effectiveness 459

of retrieval-based correction. 460

Overall, these results affirm that ReSQL pro- 461

vides a robust, scalable, and generalizable error- 462

correction framework across varying model sizes, 463

establishing a new benchmark for Text-to-SQL 464

generation. To contextualize these results, we di- 465

rectly compare against GPT-4 equipped with self- 466

correction methods. GPT-4 achieves 79.98% exe- 467

cution accuracy on SPIDER and 49.87% on BIRD. 468

Our ReSQL-trained 7–9B models achieve up to 469

81.29% (SPIDER) and 53.78% (BIRD), thereby 470

surpassing GPT-4 on the more challenging BIRD 471

benchmark and approaching parity on SPIDER. 472

This demonstrates that ReSQL’s structured reason- 473
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Figure 2: Remaining execution errors after the second correction iteration on SPIDER and BIRD (by difficulty). We
compare Baseline (no fine-tuning), Simple SFT (fine-tuned on task data), and ReSQL for LLaMA Instruct models
(1B/3B/8B). GPT results are shown on the right.

SPIDER

Easy Medium Hard Extra Avg

Simple SFT 55.56 17.65 42.38 4.83 26.78
ReSQL 88.89 68.63 70.36 39.32 64.38

BIRD

Easy Medium Hard Avg

Simple SFT 12.75 12.14 8.67 10.45
ReSQL 38.55 28.23 27.96 30.56

Table 4: Correction rate (CR) of Simple SFT vs. ReSQL
(LLaMA-3.1 8B) across difficulty levels.

ing and retrieval augmentation provide comple-474

mentary benefits even beyond advanced correction475

strategies.476

5.2 Error Correction Result477

We further compared the correction rates of simple478

SFT and ReSQL to examine whether correcting479

execution errors also results in semantic correction.480

Table 4 highlights ReSQL’s superior error cor-481

rection across all difficulty levels on SPIDER and482

BIRD. On SPIDER, ReSQL achieves an average483

CR of 64.38%, more than doubling Simple SFT484

(26.78%), with notable gains in medium (68.63%485

vs. 17.65%) and hard (70.36% vs. 42.38%) queries.486

Even for extra-hard cases, ReSQL significantly out-487

performs Simple SFT (39.32% vs. 4.83%), show- 488

casing its robustness in handling complex queries. 489

Similarly, on BIRD, ReSQL attains 30.56% CR, 490

nearly three times that of Simple SFT (10.45%), 491

with the largest improvement in simple queries 492

(38.55% vs. 12.75%). These results validate 493

ReSQL’s scalability and effectiveness in refining 494

Text-to-SQL generation. 495

Figure 2 illustrates the execution error counts 496

across varying model sizes for both the SPIDER 497

and BIRD datasets. Across all LLaMA models 498

(1B, 3B, and 8B), ReSQL consistently outperforms 499

the baseline and Simple SFT approaches, yielding 500

fewer execution errors across all difficulty levels. 501

For the SPIDER dataset, ReSQL substantially 502

reduces errors across all difficulty levels, achieving 503

the lowest total error among compared methods. A 504

similar pattern appears in the BIRD dataset, where 505

ReSQL shows strong robustness, particularly in the 506

Medium and Hard categories. Although BIRD’s 507

overall error counts are higher due to its greater 508

complexity, ReSQL consistently yields significant 509

improvements across both datasets and difficulty 510

tiers. 511

These results confirm that ReSQL provides a 512

reliable mechanism for mitigating execution errors 513

and enhancing correction accuracy, with consistent 514
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Error types Freq. w/o RAG top-3 Rel. ∆ (%)

Semantic error Common 42.37 42.11 ↓ 0.6
No such column Common 6.13 6.00 ↓ 2.1
No such function Common 1.56 1.63 ↑ 4.5
No such table Common 1.17 1.30 ↑ 11.1
Ambiguous column name Rare 0.52 0.33 ↓ 36.5
Syntax error Common 2.35 2.35 0.0
Unrecognized token Rare 0.91 0.85 ↓ 6.6
More than one statement Rare 0.33 0.20 ↓ 39.4
Incomplete input Rare 0.26 0.20 ↓ 23.1
Misuse of agg. function Rare 0.46 0.40 ↓ 13.0
Misuse of window func. Rare 0.33 0.26 ↓ 21.2
Wrong num. of arguments Rare 0.20 0.13 ↓ 35.0
Aggregate with GROUP BY Rare 0.20 0.00 ↓ 100.0
ORDER BY before UNION Rare 0.26 0.07 ↓ 73.1
1st ORDER BY mismatch Rare 0.13 0.13 0.0

Incorrect prop. 57.17 55.96 ↓ 2.1

Table 5: Error-type analysis of incorrect SQL queries
on BIRD-dev using the Llama 3.2 3B model. Errors
are grouped by frequency (Rare if <1% of total). Rel.
∆ (%) shows how much the top-3 results differ from
the w/o RAG baseline. Lower values, indicating better
performance, are shown in bold.

performance gains across model scales and dataset515

complexities.516

5.3 Evaluating RAG in SQL Error Correction517

Table 5 presents an error-type breakdown of incor-518

rect SQL queries on BIRD-dev using the Llama-519

3.2 3B model, comparing ReSQL w/o RAG and520

ReSQL (top-3 retrieval). Overall, ReSQL (top-3)521

reduces the total incorrect proportion from 57.17%522

to 55.96% ( ↓ 2.1%), indicating consistent gains523

from retrieval augmentation.524

Semantic and syntax errors, the dominant cate-525

gories, show marginal improvements ( ↓ 0.6% and526

0%, respectively), suggesting retrieval modestly527

enhances query intent understanding. This is ex-528

pected, as such common patterns are already well529

captured by the fine-tuned model through super-530

vised learning. Schema-related errors (e.g., No531

such column, No such table) remain challenging,532

with mixed effects ( ↓ 2.1% and ↑ 11.1%, respec-533

tively).534

Notably, ReSQL achieves large relative reduc-535

tions in rare, reasoning-intensive errors, such536

as Ambiguous column name ( ↓ 36.5%), More537

than one statement ( ↓ 39.4%), ORDER BY before538

UNION ( ↓ 73.1%), and Aggregate with GROUP539

BY ( ↓ 100%), demonstrating stronger robustness540

to long-tail query formulation failures. These find-541

ings indicate that retrieval augmentation primarily542

benefits structural and low-frequency error types,543

improving overall SQL generation reliability.544

SPIDER BIRD

EX ∆ EX ∆

All tools 69.25 – 44.04 –
w/o reasoning 58.22 -11.03 26.27 -17.61
w/o RAG 68.41 -0.84 42.83 -1.21
1-pass revise 65.86 -3.39 40.10 -3.78

Table 6: Ablation on SPIDER and BIRD using Llama-
3.2 3B. EX is execution accuracy (%), and ∆ is the
difference from All tools in percentage points.

5.4 Ablation Study 545

Table 6 presents the ablation study results on the 546

SPIDER and BIRD datasets using llama-3.2 3B 547

as the baseline. The most significant performance 548

drop occurs when error reasoning is removed, par- 549

ticularly on BIRD, where execution accuracy (EX) 550

drops by 17.61%. This highlights the critical role of 551

reasoning in handling complex queries, especially 552

in less structured datasets like BIRD. The removal 553

of RAG has a smaller effect, yet it provides critical 554

information for fixing rare errors. The 1-time revise 555

setting improves results compared to ablated vari- 556

ants but remains inferior to the full system, high- 557

lighting the necessity of iterative refinement for 558

achieving robust generalization. 559

6 Conclusion 560

In this paper, we introduce the concept of retrieval- 561

augmented error reasoning, a self-improving 562

paradigm in which a model learns to generalize 563

its own correction strategies across contexts. Un- 564

like prior self-correction or retrieval-based meth- 565

ods, ReSQL integrates these mechanisms into a 566

unified reasoning process, effectively endowing 567

Text-to-SQL systems with a reusable error reason- 568

ing prior. 569

Our findings highlight that explicit error reason- 570

ing is central to robust Text-to-SQL generalization, 571

while retrieval augmentation further strengthens re- 572

silience against rare or complex query failures. To- 573

gether, these components establish a scalable, cost- 574

efficient, and interpretable framework for build- 575

ing self-improving Text-to-SQL systems. We hope 576

ReSQL represents a meaningful step toward devel- 577

oping reliable, reasoning-aware database interfaces 578

that are broadly accessible across model scales and 579

application domains. The code for the ReSQL self- 580

generation framework, along with all reasoning 581

datasets generated from 1–9B parameter models, is 582

publicly available at anonymous github. 583
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7 Limitations584

ReSQL demonstrates significant improvements in585

execution accuracy and error correction for Text-586

to-SQL tasks, but several limitations remain.587

The framework primarily focuses on post-588

execution correction and does not proactively pre-589

vent errors before query execution. A proactive rea-590

soning mechanism could further reduce the need591

for iterative debugging. Fine-tuning large models592

also requires substantial computational resources,593

with models like Llama-3.1 8B requiring at least594

two A100 40GB GPUs, making widespread adop-595

tion challenging. Furthermore, we did not evaluate596

ReSQL in closed or proprietary models such as597

DeepSeek-R1 due to limited accessibility and re-598

source constraints. This remains an area for future599

exploration.600

Lastly, we acknowledge the limitations of execu-601

tion accuracy (EX), our primary evaluation metric.602

EX, implemented as test suite accuracy in SPIDER603

and BIRD, remains the most widely adopted stan-604

dard for evaluating Text-to-SQL models. Although605

it can detect semantically equivalent but syntacti-606

cally different queries, it may still produce false607

positives when distinct SQL queries return iden-608

tical results on limited test suites, and false nega-609

tives arising from annotation noise or incomplete610

test coverage. Despite these limitations, we adopt611

EX to ensure comparability with prior work, while612

recognizing the importance of developing more613

semantically aware evaluation metrics for future614

research.615
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A Appendix810

A.1 Notation Table811

Symbol Meaning

qi ∈ Q Natural language question
di ∈ D Database input (schema, hints)
si, s

′
i, s

(k)
i SQL: gold/predicted/iterative refinement

ei Execution feedback (result/error)
ri Retrieved error–reasoning exemplars
fG Base Text-to-SQL generator
fE Execution function producing ei
fR ReSQL refinement function
E Vector store of error–reasoning exemplars

Table 7: Notation used in ReSQL.

A.2 Execution Error Reduction812

We analyze execution-error reduction across itera-813

tive correction steps (C1–C4) on the SPIDER and814

BIRD datasets. Tables 8 and 9 report the quantita-815

tive results, while Figures 3 and 4 provide visual il-816

lustrations of the error-reduction trends on SPIDER817

and BIRD, respectively. Overall, ReSQL achieves818

consistent error reduction across all model sizes.819

Smaller models (e.g., LLaMA-3.2 3B) benefit the820

most, while larger models (e.g., LLaMA-3.1 8B)821

also show notable gains, demonstrating that ReSQL822

improves robustness regardless of model scale.823

Model Init C1 C2 C3 C4

LLaMA-3.1 (8B) 441 344 286 282 280
LLaMA-3.1 (8B) + ReSQL 405 154 88 75 72
LLaMA-3.2 (3B) 672 562 531 520 512
LLaMA-3.2 (3B) + ReSQL 628 238 152 137 132

Table 8: Reduction of execution errors on the BIRD
dataset across correction iterations (C1–C4).

Model Init C1 C2 C3 C4

LLaMA-3.1 (8B) 83 71 57 54 52
LLaMA-3.1 (8B) + ReSQL 76 25 16 14 14
LLaMA-3.2 (3B) 219 135 124 122 120
LLaMA-3.2 (3B) + ReSQL 198 76 45 38 34

Table 9: Reduction of execution errors on the SPIDER
dataset across correction iterations (C1–C4).

A.3 Scalability and Consistency across Model824

Sizes825

While ReSQL primarily targets models under 10B826

parameters, we further evaluate its scalability to827

larger models including LLaMA-3.1 70B and828

Qwen-2.5 32B. As summarized in Tables 10 and 11,829

BIRD

��������������������

BIRD

Figure 3: Execution error reduction across correction
iterations on BIRD dataset.

SPIDER

��������������������

Figure 4: Execution error reduction across correction
iterations on SPIDER dataset.

ReSQL continues to yield improvements even at 830

larger scales, demonstrating that its error-reasoning 831

and correction mechanism generalizes effectively 832

across different model sizes. Although the rel- 833

ative gains are smaller compared to lightweight 834

models, the results confirm that ReSQL provides 835

consistent performance benefits without requiring 836

architecture-specific adaptations. 837

Method LLaMA-3.1 70B Qwen-2.5 32B

Baseline 46.28 50.85
Simple SFT 50.85 55.74

Self-Correction Guideline (Askari et al., 2025) 51.76 57.04
Self-Debugging (Chen et al., 2023) 51.04 55.93
Self-Consistency (Wang et al., 2022) 51.56 56.98

ReSQL w/o RAG 51.69 56.39
ReSQL 52.09 57.69

Table 10: Execution accuracy (EX) on the BIRD-dev
dataset for large-scale models.
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Method LLaMA-3.1 70B Qwen-2.5 32B

Baseline 71.18 78.63
Simple SFT 76.60 83.46

Self-Correction Guideline (Askari et al., 2025) 78.82 83.95
Self-Debugging (Chen et al., 2023) 77.37 83.56
Self-Consistency (Wang et al., 2022) 77.18 83.56

ReSQL w/o RAG 77.55 84.14
ReSQL 77.85 84.14

Table 11: Execution accuracy (EX) on the SPIDER-dev
dataset for large-scale models.

A.4 Effectiveness of Retrieval-Augmented838

Correction839

To assess whether retrieval augmentation enhances840

generalization to unseen error types, we compare841

top-3 and bottom-3 retrieval strategies on the BIRD-842

dev dataset using LLaMA-3.2 3B. As shown in843

Table 12, the top-3 retrieval consistently achieves844

lower error proportions across nearly all categories,845

with substantial reductions (up to 100%) on rare or846

unseen error cases. This demonstrates that retrieval-847

augmented reasoning improves robustness to un-848

seen execution errors, providing better generaliza-849

tion beyond memorized error patterns.850

Error types bottom-3 top-3 Rel. ∆ (%)

Semantic error 43.02 42.11 ↓ 2.1
No such column 6.98 6.00 ↓ 14.0
No such function 1.83 1.63 ↓ 10.9
No such table 1.50 1.30 ↓ 13.3
Ambiguous column name 0.52 0.33 ↓ 36.5
Syntax error 2.74 2.35 ↓ 14.6
Unrecognized token 0.91 0.85 ↓ 6.6
More than one statement 0.33 0.20 ↓ 39.4
Incomplete input 0.26 0.20 ↓ 23.1
Misuse of agg. function 0.46 0.40 ↓ 13.0
Misuse of window func. 0.33 0.26 ↓ 21.2
Wrong num. of arguments 0.20 0.13 ↓ 35.0
Aggregate with GROUP BY 0.20 0.00 ↓ 100.0
ORDER BY before UNION 0.26 0.07 ↓ 73.1
1st ORDER BY mismatch 0.13 0.13 0.0

Incorrect prop. 59.67 56.12 ↓ 5.9

Table 12: Comparison of top-3 vs bottom-3 retrieval
on BIRD-dev (LLaMA-3.2 3B). Lower values indicate
better performance.

A.5 Quality Validation of Reasoning Data851

We further evaluate the reliability of the self-852

generated reasoning dataset using the automatic853

G-Eval framework (Zhou et al., 2024). As sum-854

marized in Table 13, all evaluated models achieve855

high correctness rates (above 85%), indicating that856

ReSQL consistently produces accurate and trust-857

worthy reasoning data suitable for fine-tuning.858

Model G-Eval Accuracy (%)

Llama-3.1 8B 97.20
Llama-3.2 3B 92.21
Llama-3.2 1B 85.78

Table 13: Automatic evaluation of ReSQL reasoning
data via G-Eval.

A.6 Reasoning Overhead 859

Table 14 reports the average reasoning tokens gen- 860

erated during ReSQL inference. Sequences are 861

short (∼100 tokens), imposing negligible overhead 862

compared to full query generation. This demon- 863

strates ReSQL’s practicality for real-world systems. 864

Model Avg. Reasoning Tokens

Qwen-2.5 1.5B 100.37
Qwen-2.5 3B 99.27
Qwen-2.5 7B 96.37
Llama-3.2 1B 105.37
Llama-3.2 3B 100.39
Llama-3.1 8B 98.68

Table 14: Average number of reasoning tokens gener-
ated during ReSQL inference across models.

A.7 LoRa parameter setting 865

Table 15 summarizes the LoRA fine-tuning con- 866

figuration applied to all model variants. The setup 867

ensures consistent optimization conditions across 868

experiments, allowing performance differences to 869

be attributed primarily to the ReSQL framework 870

rather than training hyperparameters. 871

Parameter Value

Optimizer AdamW
Peak learning rate 2× 10−5 (cosine decay schedule)
Effective batch size 128
Epochs 2
Precision bfloat16

Table 15: LoRA fine-tuning configuration applied
across all model variants.

A.8 Cross-Domain Transferability 872

Table 16 evaluates transfer between SPIDER and 873

BIRD reasoning supervision. While in-domain su- 874

pervision performs best, cross-domain reasoning 875
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remains effective. Importantly, even on the more876

challenging BIRD dataset, ReSQL still provides877

strong gains, indicating that our method leverages878

self-generated reasoning data to address intrinsic879

model weaknesses rather than merely memorizing880

domain-specific patterns. This highlights ReSQL’s881

ability to internalize corrections and generalize be-882

yond the training domain.883

Dataset / Method LLaMA-3.2 1B LLaMA-3.2 3B LLaMA-3.1 8B

BIRD-dev
Baseline 3.78 22.75 38.27
ReSQL 24.84 44.04 48.83
ReSQL w/ SPIDER Reasoning 24.38 40.55 47.07

SPIDER-dev
Baseline 20.02 49.03 59.67
ReSQL 62.34 69.25 77.58
ReSQL w/ BIRD Reasoning 61.12 68.86 77.47

Table 16: Cross-domain transferability of ReSQL rea-
soning data.

A.9 Error Type Distribution884

Figures 5 and 6 show the distribution of execution885

errors by category: BIRD is dominated by execu-886

tion/function misuse, while SPIDER skews toward887

syntax/format. Tables 17 and 18 further detail er-888

ror messages and frequencies, with “No such col-889

umn” emerging as the most common issue in both890

datasets. Together, they provide a concise overview891

of dataset-specific weaknesses and highlight the892

need for error-type-aware strategies.893

Figure 5: Distribution of BIRD SQL execution errors
for Llama-3.2 3B, categorized into reference, syntax,
execution and function misuse error.

Figure 6: Distribution of SPIDER SQL execution errors
for Llama-3.2 3B, categorized into reference, syntax,
encoding and format error.

A.10 Prompts 894

A.10.1 SQL Query Generation Prompt 895

Figure 7 illustrates the template we use to generate 896

SQL queries from table schemas. The prompt pro- 897

vides schema details, example rows, and optional 898

hints (for BIRD only), while the system constrains 899

the output to a single valid SQL query. 900

A.10.2 Execution Error Analysis Prompt 901

Figure 8 shows the template for analyzing failed 902

SQL executions. Given a question, gold query, er- 903

roneous query, and error message, the model is 904

guided to (i) explain the failure, (ii) analyze the 905

root cause, and (iii) suggest corrections. The re- 906

sponse is structured in JSON with explicit error 907

type classification. 908

A.10.3 Reasoning Validation Prompt 909

Figure 9 presents the template for evaluating rea- 910

soning validity. The model determines whether 911

proposed reasoning steps justify the transforma- 912

tion from an incorrect SQL query to the correct 913

one, returning a binary decision (1/0). This ensures 914

consistency in reasoning annotations. 915

A.11 Effect of Reasoning in Self-Correction 916

Figure 10 compares model behavior with and with- 917

out reasoning during self-correction. Without rea- 918

soning, the model often produces another erro- 919

neous SQL query, failing to recover from the initial 920

error. By contrast, reasoning enables the model 921
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to diagnose the root cause and generate a correct922

query, substantially improving execution accuracy.923

A.12 Retrieval-Augmented Generation for924

Error Correction925

Figure 11 illustrates our RAG framework. When an926

execution error occurs, the system retrieves similar927

past error cases using vector similarity and injects928

them as in-context examples. This approach helps929

the model handle underrepresented error types and930

improves robustness in SQL correction.931
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All Error Type Error message Number of errors
Syntax Errors

Syntax error 45
Unrecognized token 11
ORDER BY clause should come after UNION 1

Reference Errors
No such column 542
No such function 30
No such table 7
Ambiguous column name 11

Function Misuse Errors
Misuse of aggregate function 11
Aggregate functions are not allowed in the GROUP BY clause 2

Execution Errors
Timeout 11
Incorrect number of bindings supplied 1

Table 17: Summary of BIRD SQL execution errors and their frequencies for Llama-3.2 3B.

All Error Type Error message Number of errors
Syntax Errors

Syntax error 2
Unrecognized token 1
Sub-select returns 2 columns 1

Reference Errors
No such column 199
No such function 2
No such table 10
Ambiguous column name 2

Encoding and Format Errors
Could not decode to UTF-8 1
Row value misused 1

Table 18: Summary of SPIDER SQL execution errors and their frequencies for Llama-3.2 3B.
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[System prompt]
You are SQL query master. Only return predicted SQL query.

[User prompt]
Return SQLite query that answers the question given the table info. Provided row values are the first three rows of the
table.
### Context
Name: {table_0_name}
Info: {table_0_cols}
Rows: {table_0_first_three_rows}
...
Name: {table_N_name}
Info: {table_N_cols}
Rows: {table_N_first_three_rows}

Primary keys: {db_primary_key}
Foreign keys: {db_foreign_key}

Hint: {evidence} // Only apply to BIRD dataset

### Output
SQL query:

Figure 7: Template for generating SQL queries from table information, showing the prompt structure, including
context formatting and expected output.
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[System prompt]
You are an SQL query master, a knowledgeable assistant for writing SQLite queries.

[User prompt]
### Task: Your task is to analyze ’why the generated SQL query failed’ and provide an explanation of the error. Generate
in 3 steps following below format:
“‘
1. Explain:[Explain the behavior of the incorrect query]
2. Analyze:[analyze the root cause of the error]
3. Suggest:[Suggest the correction]
“‘

You are given:
- A ’Question’ that needs to be answered using SQL.
- A ’Database information’ that describes the tables and columns.
- A ’Gold SQL Query’that correctly answers the question.
- A ’Genearted SQL query’ that was produced by the model but resulted in an execution error.
- The ’Error message’ that was returned when executing the generated query.
Your task is to analyze ’why the generated SQL query failed’ and provide an explanation of the error.

Guidelines for Analysis:
1. **Identify the Error Type**
- Syntax Error: Issues like incorrect SQL syntax or missing keywords.
- Semantic Error: The query structure is valid but references nonexistent tables/columns.
- Logical Error: The query does not match the intended question meaning.

2. **Compare Against the Gold Query**
- Identify key differences between the ’generated query’ and ’gold query’.
- Explain which specific mistakes led to the execution error.

Response Format (JSON)
“‘json

"Reasoning": "<Your generated analysis here>",
"Error Type": "<Syntax Error / Semantic Error / Logical Error>"

“‘

### Context
Question: {generated_question}
Hint: {evidence} // Only apply to BIRD dataset

Name: {table_0_name}
Info: {table_0_cols}
Rows: {table_0_first_three_rows}
...
Name: {table_N_name}
Info: {table_N_cols}
Rows: {table_N_first_three_rows}

Primary keys: {db_primary_key}
Foreign keys: {db_foreign_key}

Gold SQL Query: {gold_query}
Wrong SQL: {prediction_query}
Execution error: {execution_error_message}

### Output
Reasoning:
Error Type:

Figure 8: Template for Analyzing Execution Errors in Generated SQL Queries.
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[System prompt]
You are an expert in evaluating SQLite queries.

[User prompt]
Given the following inputs:
- A database schema
- A natural language question
- Supporting evidence
- An incorrectly generated SQL query
- The correct (ground truth) SQL query
- A proposed set of reasoning steps used to correct the incorrect query

Your task is to evaluate whether the provided reasoning steps correctly justify the transformation from the incorrect query
to the correct one.

Return:
- 1 if the reasoning steps are valid and logically sound
- 0 if the reasoning steps are flawed or do not adequately justify the correction

Figure 9: Template for Assessing the Validity of SQL Reasoning Dataset Using G-Eval.
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Figure 10: Comparison of SQL self-correction with and without reasoning. The model without reasoning fails to
correctly self-correct the initial SQL query, generating another incorrect query even after attempting self-correction.
In contrast, our model (with reasoning) identifies the root cause of the error, correctly fixes the query, and ensures
execution accuracy.
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Figure 11: Overview of the RAG framework for SQL error correction. When an execution error occurs, the system
retrieves the top three most similar error cases from a database of past execution errors using vector similarity.
These retrieved examples serve as in-context learning references, helping the model resolve underrepresented error
types and improve robustness.
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