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Abstract001

While Large Language Models have signifi-002
cantly advanced Text2SQL generation, a crit-003
ical semantic gap persists where syntactically004
valid queries often misinterpret user intent.005
To mitigate this challenge, we propose GBV-006
SQL, a novel multi-agent framework that in-007
troduces Guided Generation with SQL2Text008
Back-translation Validation. This mechanism009
uses a specialized agent to translate the gener-010
ated SQL back into natural language, which011
verifies its logical alignment with the origi-012
nal question. Critically, our investigation re-013
veals that current evaluation is undermined014
by a systemic issue: the poor quality of the015
benchmarks themselves. We introduce a for-016
mal typology for “Gold Errors”, which are017
pervasive flaws in the ground-truth data, and018
demonstrate how they obscure true model per-019
formance. On the challenging BIRD bench-020
mark, GBV-SQL achieves 63.23% execution021
accuracy, a 5.8% absolute improvement. After022
removing flawed examples from Spider and re-023
pairing flawed examples in BIRD, GBV-SQL024
achieves 96.5% (dev) and 97.6% (test) exe-025
cution accuracy on Spider, and 90.42% on026
the corrected BIRD dataset. Our work offers027
both a robust framework for semantic valida-028
tion and a critical perspective on benchmark029
integrity, highlighting the need for more rigor-030
ous dataset curation.031

1 Introduction032

Text2SQL is a challenging task that involves auto-033

matically converting a Natural Language Question034

(NLQ) into Structured Query Language (SQL)035

that can be executed on a relational database (Zelle036

and Mooney, 1996; Qin et al., 2022). The pri-037

mary goal is to enable non-technical users to in-038

teract with complex databases using only natural039

language, removing the barrier of learning SQL040

syntax. As a long-standing objective in both nat-041

ural language processing and database research042

User Question
What is the charter number of the school that the 
average score in Writing is 499?

Pred SQL
SELECT T2.CharterNum FROM satscores AS T1 JOIN 
schools AS T2 ON T1.cds = T2.CDSCode WHERE 
T1.AvgScrWrite IS NOT NULL AND T2.CharterNum IS 
NOT NULL GROUP BY T2.CharterNum HAVING 
AVG(T1.AvgScrWrite) = 499;

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

Gold SQL

Figure 1: A BIRD dev example where syntactically
valid Pred SQL semantically misinterprets the query:
it unnecessarily aggregates “average score" by charter
groups, while the user explicitly seeks a single school
with a score of 499.

(Nguyen et al., 2023; Zhu et al., 2023), this field 043

has been profoundly reshaped by recent advance- 044

ments in Large Language Models (LLMs). These 045

models, particularly through the paradigm of in- 046

context learning (ICL), now represent the state- 047

of-the-art, often achieving performance that sur- 048

passes traditional fine-tuned approaches (Pourreza 049

and Rafiei, 2023; Li et al., 2023a; Liu et al., 2024). 050

051

Despite this significant progress, a critical chal- 052

lenge persists: ensuring the generated SQL query 053

is not only syntactically correct but also semanti- 054

cally faithful to the user’s original intent. This 055

challenge stems from the inherent semantic gap be- 056

tween an unstructured Natural Language Question 057

(NLQ) and the formal structure of SQL, which re- 058

mains a primary source of failure. A syntactically 059

valid query can still misinterpret the user’s goal, 060

producing plausible but erroneous results that are 061

difficult to detect. For instance, as illustrated in 062
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Figure 2: The workflow of GBV-SQL framework, including four agents: (1)Planner (2)SQLGenerator
(3)SQL2TextValidator (4)SQLChecker.

Figure 1, when asked for a school whose “aver-063

age score” column has a value of 499, a model064

might instead generate a query that performs an065

unnecessary aggregation, calculating the average066

of the “average score” column across a group of067

schools and checking if that new result is 499.068

This error, transforming a direct filtering condition069

(‘WHERE’) into a flawed aggregation condition070

(‘HAVING’), highlights the inadequacy of syntax-071

only verification. While existing state-of-the-art072

methods employ techniques like query decompo-073

sition (Gao et al., 2024a; Xie et al., 2024) and074

multi-agent collaboration (Wang et al., 2025) to075

ensure that LLMs generate reasonable SQL, they076

often lack a dedicated mechanism to robustly vali-077

date the final query’s logic against the NLQ’s se-078

mantics. To bridge this semantic gap, we pro-079

pose GBV-SQL, a multi-agent framework inte-080

grating Guided Generation with SQL2Text Back-081

translation Validation. The workflow is orches-082

trated by four specialized agents (Figure 2). The083

process starts with a Planner that prunes the084

database schema and decomposes the NLQ into085

simpler sub-problems. An SQLGenerator then086

constructs the query using a novel Human-like087

Chain-of-Thought process. Critically, to ensure088

semantic fidelity, a dedicated SQL2TextValidator089

performs back-translation, correcting the query090

to produce an improved version if a logical mis-091

match with the user’s intent is found. Finally, an092

SQLChecker conducts final checks, initiating an it- 093

erative repair cycle to resolve any syntactic or exe- 094

cution errors until the query is valid. This entire 095

process is designed to systematically target and 096

minimize inaccuracies. 097

Our rigorous evaluation on the Spider bench- 098

mark (Yu et al., 2018) yields an equally critical 099

finding: a substantial portion of our model’s appar- 100

ent failures stem not from our method, but from in- 101

herent errors in the benchmark’s ground-truth data. 102

We term these issues “Gold Errors” and propose 103

a formal typology for their systematic classifica- 104

tion. This discovery fundamentally challenges the 105

reliability of current evaluation practices and high- 106

lights a systemic issue in the field. 107

Our main contributions are threefold: 108

• We propose GBV-SQL, a novel multi-agent 109

framework that introduces a SQL2Text back- 110

translation validation mechanism to explic- 111

itly bridge the semantic gap in Text2SQL, en- 112

suring the generated query’s logic is faithful 113

to the user’s original intent. 114

• We conduct a systematic analysis of errors 115

in the widely-used Spider benchmark, intro- 116

ducing a novel typology for “Gold Errors”, 117

which are flaws inherent in the ground-truth 118

data itself. 119

• By correcting pervasive “Gold Errors”, we re- 120

veal our model’s true performance: execution 121
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accuracy reaches 96.5% (dev) and 97.6%122

(test) on Spider, while on BIRD, it improves123

from 63.23% to 90.42%. This demonstrates124

the critical impact of benchmark integrity on125

Text2SQL evaluation.126

2 Related Work127

2.1 ICL-based Methods for Text2SQL128

In-context learning (ICL) with Large Language129

Models (LLMs) is the current state-of-the-art130

paradigm for Text2SQL. A dominant strategy for131

tackling complex queries is decomposition, where132

methods break a difficult question into simpler133

sub-problems. For example, DIN-SQL (Pourreza134

and Rafiei, 2023) first applied CoT prompting for135

decomposition. DAIL-SQL (Gao et al., 2024a)136

then explored advanced prompt designs in this137

framework. (Tai et al., 2023) evaluated multiple138

prompt strategies and introduced QDecomp to in-139

crementally add schema details to sub-questions.140

To improve overall robustness, other research has141

focused on two primary directions. The first is en-142

hancing the quality of the model’s input via more143

accurate schema linking (Cao et al., 2024; Wang144

and Liu, 2025; Li et al., 2024b). The second is145

refining the model’s output through post-hoc cor-146

rection of generated SQL (Dong et al., 2023; Ren147

et al., 2024) or by selecting the optimal query148

from multiple candidates (Lee et al., 2025; Pour-149

reza et al., 2024). While these diverse strategies150

have advanced the field, they predominantly op-151

erate in a unidirectional workflow. They lack an152

explicit mechanism to verify if the final, syntac-153

tically correct SQL is truly semantically aligned154

with the user’s original intent. Our work directly155

targets this semantic gap with a novel validation156

step.157

2.2 Multi-Agent Systems for Text2SQL158

Recent work has adopted multi-agent systems159

to coordinate the multi-step reasoning process.160

MAC-SQL (Wang et al., 2025) and MAG-SQL161

(Xie et al., 2024) introduced this approach by162

employing several LLM-based agents to collabo-163

ratively manage decomposition, SQL generation,164

and refinement. These frameworks demonstrated165

that a division of labor can effectively handle com-166

plex queries. However, existing agents only collab-167

orate to generate SQL; none perform an explicit se-168

mantic verification of the final query. Other agent-169

based systems, like SQLFixAgent (Cen et al.,170

2025), focus specifically on correcting errors from 171

fine-tuned models, which is a different task con- 172

text. Our GBV-SQL framework introduces a new 173

agent archetype: the SQL2TextValidator. This 174

agent acts as a skeptical verifier whose sole pur- 175

pose is to perform SQL2Text back-translation. By 176

challenging the semantic fidelity of the generated 177

query from an inverse perspective, it provides a 178

critical feedback loop absent in prior collaborative 179

models. 180

2.3 Benchmark Quality and Gold Errors 181

The reliability of Text2SQL evaluation is intrin- 182

sically tied to the quality of benchmark datasets. 183

The presence of flaws in the ground-truth labels, 184

termed “Gold Errors”, has been noted in the er- 185

ror analyses of prior work (Wang et al., 2025; Lee 186

et al., 2025). Further research has delved into spe- 187

cific quality issues, such as analyzing label accu- 188

racy (Renggli et al., 2025), classifying question 189

ambiguity (Dong et al., 2024), or automatically de- 190

tecting incorrect SQL-NLQ mappings (Yang et al., 191

2025). These efforts highlight a growing aware- 192

ness of data quality challenges. Our work builds 193

upon this foundation by proposing a formal, struc- 194

tured typology for Gold Errors. Unlike previ- 195

ous post-hoc analyses, our classification system is 196

more comprehensive, categorizing errors originat- 197

ing from the SQL, the NLQ, and the database itself. 198

This systematic framework not only allows for a 199

more precise and fair re-evaluation of GBV-SQL’s 200

true capabilities but also offers a valuable tool for 201

the future curation and maintenance of Text2SQL 202

benchmarks. 203

3 Methodology 204

3.1 Overview 205

In this section, we introduce GBV-SQL, a novel 206

multi-agent framework for Text2SQL leveraging 207

large language models. As shown in Figure 2, our 208

framework comprises four agents: Planner, SQL- 209

Generator, SQL2TextValidator and SQLChecker. 210

The Planner initiates the process by invoking an 211

LLM to prune the database schema to its most 212

relevant elements and then decomposes the NLQ 213

into sub-questions. Mimicking human thought 214

processes, the SQLGenerator generates SQL for 215

each sub-question before synthesizing them into 216

the final query. The SQL2TextValidator ensures 217

semantic integrity by prompting an LLM to trans- 218

late the complete SQL back into natural language 219
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for comparison with the original NLQ, yielding a220

refined query. Finally, the SQLChecker conducts221

format and syntax checks, correcting any errors to222

guarantee an executable final SQL.223

3.2 Planner224

3.2.1 Schema Representation225

Prior work (Bogin et al., 2019; Guo et al., 2019;226

Lei et al., 2020; Gao et al., 2024b) has shown that227

a well-organized representation of the database228

schema can improve the accuracy of SQL gen-229

eration by LLMs. In this paper, we organize230

our schema description based on the approach in231

MAC-SQL, but with augmentations. We incorpo-232

rate the data types of database columns and pro-233

vide more intuitive foreign key descriptions. Fur-234

thermore, we are the first to include descriptions235

for primary keys within the schema representation.236

The specific prompt design is illustrated in Ap-237

pendix C.2.238

3.2.2 Schema Pruning239

Overly long schemas can cause an LLM to focus240

on information irrelevant to the NLQ and incur241

high token costs. Therefore, we perform an initial242

pruning of the full database schema by prompting243

the LLM. We prompt the LLM to analyze the NLQ244

(Q) and the full database schema (D), retaining245

only the most relevant information.246

Sinitial = Prune(Q,D) , (1)247

where Sinitial represents the pruned schema rele-248

vant to the question.249

3.2.3 NLQ Decomposition250

As demonstrated in prior surveys (Pourreza and251

Rafiei, 2023, 2024), decomposing a question252

into sub-questions is an effective strategy. We253

employ a decomposition strategy based on the254

divide-and-conquer paradigm, wherein question255

decomposition and SQL generation are separate256

processes. Specifically, we adopt the Targets-257

Conditions method proposed in MAG-SQL (Xie258

et al., 2024) to decompose the NLQ based on its259

distinct conditional clauses and query targets, as260

shown in Figure 2.261

3.3 SQLGenerator262

3.3.1 Human-like CoT263

To emulate the human thought process for draft-264

ing SQL queries (Yuan et al., 2025), we have de-265

signed a novel CoT method, illustrated in Fig-266

ure 10. This approach first analyzes the intent of 267

the NLQ. It then identifies the relevant tables and 268

columns based on the database schema and deter- 269

mines the specific information to be returned. Sub- 270

sequently, it systematically analyzes how to con- 271

struct essential SQL clauses, considering the spe- 272

cific logic for joins, the columns for grouping and 273

ordering, and the potential need for deduplication 274

with DISTINCT. Finally, it emphasizes adherence 275

to proper SQL syntax throughout the generation 276

process. 277

3.3.2 Sub-SQL Generation and Merging 278

Our framework employs a two-stage process to 279

generate the SQL. First, for each sub-question de- 280

composed by the Planner, we generate a corre- 281

sponding sub-SQL. Subsequently, we merge the 282

contextual information from these sub-SQLs to 283

synthesize the final answer. This process begins 284

by applying our Human-like CoT method to gener- 285

ate a sub-SQL for each sub-question (qi) using the 286

initially pruned schema, Sinitial. A crucial step fol- 287

lows where we perform a “back-linking” operation 288

on each generated sub-SQL (SQLi). This opera- 289

tion is an LLM inference step, where the model is 290

prompted to extract the precise set of table-column 291

pairs (Si) that were essential for the sub-query’s 292

creation. 293

SQLi = HumanCoT(Sinitial, qi) (2) 294
295

Si = BackLink(SQLi) (3) 296

These extracted schema subsets are then merged to 297

create a more refined and highly relevant schema, 298

Score. This new schema is more accurate than 299

Sinitial because it is derived directly from the SQL 300

logic required to answer each sub-question. The 301

merging operation is defined as the union of all 302

table-column pairs from the individual schema 303

subsets: 304

Score =
n⊕

i=1

Si (4) 305

where the operator is defined for any table tk in the 306

schema as: 307(
n⊕

i=1

Si

)
(tk) =

n∪
i=1

Si(tk) (5) 308

Finally, this consolidated schema Score, along with 309

the complete set of sub-question and sub-SQL 310

pairs, provides a rich and focused context for the 311

LLM to generate the final comprehensive query, 312

referred to as Initial SQL in Figure 2. 313
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3.4 SQL2TextValidator314

As one of the core modules in GBV-SQL, the315

SQL2TextValidator performs semantic validation316

by prompting the LLM to translate the initial SQL317

query from the SQLGenerator into a detailed nat-318

ural language explanation. This explanation de-319

scribes the query’s overall function and the spe-320

cific mechanics of its components, with a partic-321

ular focus on the query’s execution process. The322

LLM is then tasked with comparing this expla-323

nation against the original NLQ to identify any324

semantic discrepancies. If the logic is consis-325

tent, the query is accepted; otherwise, the LLM326

is prompted to correct the SQL to align with the327

user’s intent, yielding a validated improved SQL.328

To maximize the validation’s efficacy, we incorpo-329

rate a binary selector inspired by RSL-SQL (Cao330

et al., 2024). This selector uses the LLM to eval-331

uate the semantic consistency of both the initial332

and the validated SQL versions against the original333

NLQ, taking their execution results into account334

to select the Final SQL. This back-translation val-335

idation is a cornerstone of our framework, playing336

a critical role in ensuring the final query’s logic337

is faithful to the user’s original intent. As our ex-338

perimental results will demonstrate, this validation339

step is pivotal for correcting semantic deviations340

and improving overall accuracy.341

3.5 SQLChecker342

Due to the hallucinatory nature of large models,343

the generated SQL often contain formatting errors344

(Shen et al., 2025). Therefore, this module intro-345

duces an SQL format trimmer. This component346

optimizes the query according to two key princi-347

ples: a minimization principle, which eliminates348

superfluous fields and redundant operations, and349

a minimal usability principle, which avoids in-350

trusive formatting (e.g., rounding decimals) that351

could alter the result’s meaning unless explicitly352

required. Subsequently, we employ a multi-round353

iterative checking process to analyze the query’s354

executability. If the SQL execution yields an355

empty result, a value of 0, or contains NULL val-356

ues, the query is repaired. This repair cycle con-357

tinues until the query executes successfully or the358

maximum number of iterations is exceeded. For359

the repair process, we retrieve the top-k most rel-360

evant values from the database based on the SQL361

and combine them with the partial execution re-362

sults as context for prompting the LLM to make363

Algorithm 1 The SQLChecker Algorithm
Input: Question q, database db, schema S′, initial SQL

sqlpre
Output: final SQL sql
1: sql← ReduceFormat(q, sqlpre, S

′)
2: count← 0
3: while count < maxTryTime do
4: (pass, err, res)← execTool(sql, db)
5: if pass then
6: break
7: else
8: vals← valueRetrieve(q, sql, S′, db)
9: sql← Refiner(q, sql, S′, err, res, vals)

10: end if
11: count← count+ 1
12: end while
13: return sql

corrections. Algorithm 1 details this process. 364

4 Experiments 365

4.1 Experimental Setup 366

4.1.1 Datasets 367

We evaluate GBV-SQL on two widely-used 368

Text2SQL benchmarks: Spider (Yu et al., 2018), 369

to assess cross-domain generalization across its 370

over 200 databases (e.g., flight_2), and the more 371

challenging BIRD (Li et al., 2023b), to test per- 372

formance against real-world complexity involving 373

noisy data and external knowledge. While Spi- 374

der 2.0 (Lei et al., 2024) is an important industry- 375

oriented evolution, its complexity in long-context 376

understanding and multi-tool usage currently hin- 377

ders a clear evaluation of our semantic validation 378

mechanism. We plan to adapt GBV-SQL for such 379

enterprise scenarios in future work. 380

4.1.2 Baseline 381

In our experiments, we compare our proposed 382

method GBV-SQL against a wide range of ICL- 383

based methods, including DIN-SQL (Pourreza and 384

Rafiei, 2023), DAIL-SQL (Gao et al., 2024a), 385

MAC-SQL (Wang et al., 2025), MAG-SQL (Xie 386

et al., 2024), SuperSQL (Li et al., 2024a), and 387

CogSQL (Yuan et al., 2025). 388

4.1.3 Evaluation Metrics 389

We evaluate our framework using two metrics: ex- 390

ecution accuracy and valid efficiency score. Ex- 391

ecution accuracy (EX) is defined as the propor- 392

tion of predicted SQL queries whose execution re- 393

sults exactly match those of the ground-truth SQL. 394

The valid efficiency score (VES), introduced by 395

the BIRD dataset, jointly considers the correctness 396

and execution efficiency of generated SQL. The 397
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Methods EX VESSimple Moderate Challenging Total

GPT-4 (zero-shot) – – – 46.35 51.75
Deepseek-v3 (zero-shot) 49.84 34.70 25.52 42.96 53.25

DIN-SQL + GPT-4 – – – 50.72 58.79
MAG-SQL + GPT-4 – – – 61.08 –
DAIL-SQL + GPT-4 63.02 45.59 43.05 54.76 –

CogSQL + GPT-4 – – – 59.58 64.30
CogSQL + Deepseek-v2 64.11 46.67 39.58 56.52 –

MAC-SQL + GPT-4 65.73 52.96 40.28 59.39 66.24

MAC-SQL + Deepseek-v3 62.92 50.75 43.75 57.43 68.40
GBV-SQL + Deepseek-v3 (ours) 69.51 54.62 50.69 63.23 (↑5.8%) 69.87

Table 1: The EX and VES results on BIRD’s dev set. “–” indicates that the value was not reported by the
corresponding authors.

efficiency score (related to execution time) is cal-398

culated only if the predicted and real SQL results399

match; otherwise, the score is 0.400

4.1.4 Implementation Details401

Our experiments primarily use Deepseek-v3 as the402

backbone large language model, accessed through403

the Deepseek API. For supplementary validation,404

we also employ GPT-4o via the OpenAI API. The405

temperature for both models is set to 0. In our406

SQLChecker module, the maximum number of407

repair iterations is set to 3. Our multi-agent ar-408

chitecture draws inspiration from MAC-SQL. Our409

method is capable of handling moderately com-410

plex queries, covering scenarios that involve both411

single and multiple tables.412

4.2 Main Result413

4.2.1 BIRD Result414

The results in Table 1 show that our method signif-415

icantly enhances the performance of the Deepseek416

baseline. Using the Deepseek-v3 model, GBV-417

SQL achieves an EX of 63.23% on the BIRD418

dev dataset, which is a 5.8% improvement over419

MAC-SQL that also uses the Deepseek model, and420

even surpasses numerous methods that use GPT-4.421

This highlights the effectiveness of GBV-SQL in422

Text2SQL tasks.423

4.2.2 Spider Result424

Table 2 shows the performance of our framework425

and baseline methods on the Spider dataset. GBV-426

SQL achieves execution accuracies of 79.6% and427

82.8% on the Spider dev and test sets, respectively.428

On the test set, our method outperforms the MAC-429

SQL baseline by a notable 5.2% when using the430

same Deepseek-v3 model, achieving performance431

Methods Dev Test

GPT-4 (zero-shot) 74.6 –
DIN-SQL + GPT-4 82.8 85.3
DAIL-SQL + GPT-4 84.4 86.6
CogSQL + GPT4 85.4 86.4
SuperSQL + GPT4 87.0 –
MAG-SQL + GPT-4 85.3 85.6
MAC-SQL + GPT-4 86.8 82.8

MAC-SQL + Deepseek-v3 80.1 77.6
GBV-SQL + Deepseek-v3 (ours) 79.6 82.8(↑5.2%)
GBV-SQL + GPT-4o (ours) 79.7 83.9
GBV-SQL + No Gold Errors 96.5 97.6

Table 2: The EX results on the Spider dev and test
sets. Improvements relative to MAC-SQL+Deepseek-
v3 are shown in parentheses. The “No Gold Errors”
designation indicates evaluation on a cleaned subset of
the benchmark, from which entries with quality issues
have been removed.

comparable to methods that rely on GPT-4. How- 432

ever, the performance on the dev set is unexpect- 433

edly lower than anticipated. This discrepancy mo- 434

tivates a deeper investigation into the nature of 435

the execution failures, which reveals that the is- 436

sue stems not from our model’s capabilities but 437

from what we identify as “Gold Errors”: perva- 438

sive quality issues within the benchmark’s ground- 439

truth data itself, as detailed in the following sec- 440

tion. 441

4.3 Error Analysis 442

A rigorous manual review of all items that failed 443

execution on the Spider benchmark reveals the 444

overwhelming majority of failures are not caused 445

by our model but by inherent quality issues in the 446

dataset. Consequently, we develop a novel frame- 447

work for classifying these gold-standard errors. 448
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4.3.1 Gold Error Identification449

To ensure an objective and reproducible analysis,450

we establish a rigorous protocol to audit the qual-451

ity of each data item. The process is conducted by452

three SQL-proficient graduate students. Initially,453

two students independently inspect and classify454

potential quality issues in every data item accord-455

ing to our proposed typology (Figure 4), achieving456

a substantial inter-annotator agreement (Cohen’s457

Kappa = 0.86). A third student then adjudicates458

all disagreements to make the final classification,459

ensuring the reliability of our findings.460

4.3.2 A New Typology of Gold Errors461

While prior research has acknowledged the exis-462

tence of data quality problems, a clear and system-463

atic classification has been absent. We address this464

gap by introducing a new standard that categorizes465

Gold Errors into three distinct types based on a466

comprehensive analysis of recurring issues. For467

concrete examples illustrating each category and468

subcategory, please refer to the case studies in Ap-469

pendix B.470

• Type A (SQL-Side Errors): Covers all er-471

rors originating from the gold SQL itself, as-472

suming the NLQ is valid. This includes se-473

mantic errors where the query fails to cor-474

rectly or optimally represent the user’s intent,475

as well as syntactic errors that prevent the476

query from executing.477

• Type B (NLQ-Side Errors): Includes all478

cases where the NLQ itself is the source of479

the problem. This covers questions that are480

ambiguous, underspecified, logically flawed,481

or unanswerable with the given database.482

• Type C (Database Errors): Signifies er-483

rors found within the database itself, such484

as flawed schema design or inconsistent and485

“dirty” data values.486

As detailed in Appendix A.1, each primary cate-487

gory is further partitioned into a granular hierarchy488

of subcategories.489

4.3.3 Analysis of Gold Errors in Spider490

Our analysis of the Spider dev set uncovers a sig-491

nificant number of “Gold Errors” (i.e., errors in the492

ground-truth labels), with 183 instances found in493

samples our model failed (EX=0) and 62 in those494

it passed (EX=1). Figure 5 provides a quantitative495

breakdown of the various Gold Error categories496

Metric Gold Error Subset Full Dev Set

Number of Samples 577 1534
Original EX 6.93 63.23
Corrected EX 79.20 90.42

Table 3: Re-evaluation of GBV-SQL on the BIRD
dev set after correcting Gold Errors. The “Gold Error
Subset” refers to samples identified with ground-truth
flaws.

within these failed samples. A prominent exam- 497

ple is the data contamination within the flight_2 498

database, which is illustrated in Figure 8; here, ex- 499

traneous spaces in TEXT attributes cause many 500

official Gold SQL queries to fail, whereas our 501

method correctly handles such “dirty data”. Af- 502

ter manually correcting for these dataset flaws, 503

we find that only 37 were genuine model fail- 504

ures. Consequently, re-evaluating on a “clean” 505

subset improves our model’s execution accuracy to 506

96.5% on the dev set and 97.6% on the test set (Ta- 507

ble 2, “No Gold Errors” row). This finding high- 508

lights how benchmark quality issues can mask true 509

model performance. Due to space limitations, fur- 510

ther details of our analysis on the Spider test set 511

are available in Figure 6. 512

4.3.4 Analysis of Gold Errors in BIRD 513

Figure 3 illustrates the standard evaluation pro- 514

cess for a question-SQL pair in existing bench- 515

marks such as Spider and BIRD. In this process, 516

the model-generated SQL (predicted SQL) is com- 517

pared against a single ground-truth query (gold 518

SQL). A binary score of 1 or 0 is awarded based 519

on whether their execution results on the database 520

match. The final Execution Accuracy (EX) met- 521

ric is then calculated by aggregating these scores 522

across all samples. This process is highly sensitive 523

to the quality of the gold standard; any “Gold Er- 524

ror” in the benchmark can lead to a correct model 525

prediction being incorrectly penalized, thus dis- 526

torting the performance metrics. Motivated by our 527

findings on Spider, we conducted a comprehensive 528

quality review of the entire BIRD dev set. 529

Unlike our approach with Spider, where prob- 530

lematic samples were excluded for re-evaluation, 531

our analysis of BIRD involved a more intensive ef- 532

fort: we manually repaired the identified “Gold Er- 533

rors” within the ground-truth data. Our review re- 534

vealed that 37.6% of the samples in the BIRD dev 535

set contained “Gold Errors”, corroborating recent 536

studies (Shen et al., 2025; Yang et al., 2025), span- 537
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Model Simple Mod. Chall. Total

GBV-SQL + Deepseek-v3 69.51 54.62 50.69 63.23
w/o Planner 68.76 53.98 45.83 62.13 (↓)
w/o SQLGenerator 67.78 53.76 48.61 61.73 (↓)
w/o Human-like CoT 66.70 52.90 51.39 61.08 (↓)
w/o SQL2TextValidator 68.54 52.69 47.92 61.80 (↓)
w/o SQLChecker 66.49 49.89 47.22 59.65 (↓)

Table 4: Ablation of GBV-SQL on the BIRD’s dev set.
Mod. and Chall. stand for Moderate and Challenging,
respectively.

ning a range of issues from flawed SQL logic to538

ambiguous natural language questions. After cor-539

recting these flaws, we re-evaluated our model’s540

predictions on this repaired subset. The results541

showed that on the BIRD dev set, GBV-SQL’s542

true execution accuracy increased to 90.42%. Ta-543

ble 3 provides a detailed breakdown of the evalua-544

tion results before and after the correction. This545

significant improvement not only highlights the546

pervasive quality issues within the BIRD bench-547

mark but also reveals the true, higher performance548

of GBV-SQL when evaluated against a reliable549

ground truth. A detailed breakdown of Gold Error550

distribution and case studies for the BIRD dataset551

is provided in Appendix A.2.2. It is worth not-552

ing that even after this meticulous repair effort, the553

overwhelming majority of the remaining 20.8% of554

inconsistencies were found to be caused by more555

subtle or complex Gold Errors, while only a small556

fraction constituted actual model failures.557

4.4 Ablation Study558

Table 4 presents our ablation study on the BIRD559

dev set. “w/o Planner/SQLGenerator” indicates re-560

placement with MAC-SQL’s modules, while other561

variants remove the specified component. “w/o562

Human-like CoT” indicates replacing the chain-563

of-thought prompting with a standard zero-shot564

prompt. The results confirm that each component565

of the GBV-SQL framework is integral, as remov-566

ing any one of them degrades overall performance.567

Notably, ablating the SQLChecker, which handles568

final formatting and executability analysis, causes569

the most significant performance drop. This un-570

derscores the profound impact of query executabil-571

ity and proper formatting on the current execution572

based (EX) evaluation paradigm.573

4.5 Discussion574

The standard Text2SQL evaluation compares the575

execution results of predicted queries against gold576

queries, a process highly susceptible to dataset 577

quality. Our comprehensive analyses of both the 578

Spider and BIRD datasets confirm that this is 579

a widespread issue. For instance, an ambigu- 580

ous natural language question can render a single 581

gold SQL query insufficient for reliable judgment. 582

Likewise, a correct question paired with a flawed 583

gold SQL will still yield an inaccurate EX score. 584

More critically, database-level errors can cause 585

substantial deviations in evaluation. Therefore, we 586

strongly urge the community to place greater em- 587

phasis on the integrity of Text2SQL benchmarks, 588

adopting a more rigorous approach to their cre- 589

ation and maintenance. Benchmarks should not 590

be treated as static, infallible standards, but as dy- 591

namic entities that require continuous validation, 592

correction, and versioning. 593

5 Conclusion 594

This paper investigates the problem of semantic in- 595

consistency in Text2SQL, proposing GBV-SQL, a 596

novel multi-agent framework designed to ensure 597

a query’s logic is faithful to user intent. The 598

cornerstone of our approach is a SQL2Text back- 599

translation validation mechanism, which effec- 600

tively bridges the semantic gap between the user’s 601

question and the generated SQL. This method 602

demonstrates significant effectiveness, achieving a 603

5.8% absolute accuracy improvement on the BIRD 604

benchmark. In our comprehensive evaluation, we 605

also uncovered pervasive flaws in the benchmark 606

datasets, which we classify using a novel “Gold 607

Error” typology. After correcting for these bench- 608

mark issues, the true performance of GBV-SQL 609

was revealed, with execution accuracy reaching 610

96.5% and 97.6% on the Spider development and 611

test sets, respectively, and 90.42% on a corrected 612

version of the BIRD development set. Our work, 613

therefore, offers a robust framework for enhancing 614

semantic fidelity and highlights the critical need 615

for benchmark curation, suggesting future direc- 616

tions in automated validation for complex reason- 617

ing tasks. 618

Limitations 619

Despite the improvements achieved by GBV-SQL, 620

several limitations persist. First, our evaluation re- 621

lies on existing benchmarks (Spider, BIRD) where 622

questions are paired with definitive SQL queries. 623

In real-world enterprise scenarios, user intent is of- 624

ten ambiguous or underspecified, requiring multi- 625
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turn clarificationa capability our current frame-626

work lacks. Second, while we address semantic627

errors, our method essentially relies on the capabil-628

ities of the underlying LLM; if the model’s inter-629

nal world knowledge is insufficient (e.g., domain-630

specific acronyms), the back-translation valida-631

tor may yield false positives. Finally, we have632

not yet adapted GBV-SQL to handle long-context633

retrieval scenarios as introduced in Spider 2.0,634

which remains a direction for future work.635
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A Detailed Analysis of Gold Errors 815

To better understand the context of our error analy- 816

sis, we first revisit the standard evaluation pipeline. 817

As illustrated in Figure 3, the traditional evalua- 818

tion process relies heavily on the exact match of 819

execution results between the predicted SQL and 820

the Gold SQL. This dependency makes the metric 821

highly sensitive to any flaws in the ground truth 822

(Gold Errors). 823

A.1 Expanded Gold Error Typology 824

We categorize benchmark flaws into three primary 825

types (Type A: SQL-side, Type B: NLQ-side, Type 826

C: Database-side). Figure 4 provides a hierarchi- 827

cal view of this classification system. 828

A.2 Distribution Analysis on Datasets 829

We analyzed the distribution of these error types 830

on both Spider and BIRD datasets. 831

A.2.1 Spider Dataset Analysis 832

Figure 5 illustrates the breakdown of Gold Errors 833

for samples in the Spider development set where 834

our model initially failed (EX=0). The high preva- 835

lence of Type A and Type C errors explains the 836

discrepancy between the reported score and the 837

model’s actual capability. 838

For the Spider test set, a similar distribution was 839

observed, as shown in Figure 6. 840
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Figure 3: The standard Text2SQL evaluation pipeline. Any error in the "Gold SQL" or "Database" directly propa-
gates to the final accuracy metric.

New Gold Error 
Classification

A. SQL Semantic 
Mismatch Errors

A1: Suboptimal SQL Representation
The SQL captures the basic intent of 
the NLQ but is not the optimal or most 
standard representation.

A2: Incorrect Semantic & Logical 
Implementation

A2.1: Incorrect Table/Column Selection The SQL uses incorrect tables/columns or omits necessary ones.

A2.2: Incorrect JOIN Logic The SQL's join types or conditions are incorrect.

A2.3: Improper Query Conditions The SQL's `WHERE` or `HAVING` filtering logic is incorrect, redundant, 
or missing.

A2.4: Incorrect Aggregation/Grouping 
Logic

The SQL's aggregate functions or `GROUP BY` clauses are used 
incorrectly.

A2.5: Incorrect Value Usage The SQL hardcodes incorrect literal values in its conditions.

A2.6: Nuanced Implementation Errors
A2.6.1: Improper handling of NULL values

A2.6.2: Issues from implicit data type conversions

A2.7: Incorrect Sorting Logic The SQL's sorting column or direction (`ASC`/`DESC`) is incorrect.

A2.8: Deduplication Errors The `DISTINCT` keyword is either missing when required or used 
unnecessarily.

A3: Syntactic & Execution Errors
A3.1: Syntax Errors The SQL query itself contains syntax errors and cannot be parsed.

A3.2: Schema Mismatch The SQL references tables or columns that do not exist in the 
database schema.

B. Flawed Natural 
Language Questions

B1: Ambiguity

B1.1: Lexical/Semantic Ambiguity A word or phrase in the question has multiple valid meanings.

B1.2: Syntactic Ambiguity The grammatical structure of the question allows for multiple parse 
trees.

B1.3: Schema-Induced Ambiguity A term in the question can map to multiple elements in the database 
schema.

B2: Underspecification & Implicit 
Assumptions

B2.1: Implicit Assumptions The question lacks necessary details, forcing the annotator to make a 
subjective assumption.

B2.2: Ambiguous JOIN Decisions The question does not clearly specify how tables should be joined.

B3: Unanswerable or Self-Contradictory 
Questions

The question is logically contradictory 
or requests information unavailable in 
the database.

C. Database Errors

C1: Dirty Data The database contains erroneous or 
inconsistent data.

C2: Deficient Schema Design The database's schema has structural 
or design flaws.

Figure 4: The new Gold Error Classification proposed in this work.

A.2.2 BIRD Dataset Analysis841

Figure 7 shows the overall distribution of error842

types found across the entire BIRD development843

set.844

B Case Studies of Gold Errors845

We present detailed case studies to exemplify the846

error types defined in our typology.847

Case 1: Suboptimal SQL Representation (A1)848

ID Spider_dev(idx:484)849

NL What are the names and ranks of the three850

youngest winners across all matches?851

Gold SQL SELECT DISTINCT winner_name , winner_rank852

FROM matches ORDER BY winner_age LIMIT 3 853

854

Real SQL WITH winner_min_age AS ( 855

SELECT winner_id, MIN(winner_age) AS min_age856

FROM matches 857

GROUP BY winner_id 858

) 859

SELECT m.winner_name, m.winner_rank 860

FROM matches AS m 861

INNER JOIN winner_min_age AS w 862

ON m.winner_id = w.winner_id 863

AND m.winner_age = w.min_age 864

ORDER BY w.min_age ASC 865

LIMIT 3; 866

867
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Figure 5: The distribution of Gold Error types in the
Spider’s dev set with EX=0.

Figure 6: The distribution of Gold Error types in the
Spider’s test set with EX=0.

Explanation Overlooked the fact that a contes-868

tant might have multiple wins, which ulti-869

mately resulted in always returning the same870

person.871

Case 2: Improper Query Conditions (A2.3)872

ID Spider_dev(idx:241)873

NL Find all airlines that have at least 10 flights.874

Gold SQL SELECT T1.Airline875

FROM AIRLINES AS T1876

JOIN FLIGHTS AS T2 ON T1.uid = T2.Airline877

GROUP BY T1.Airline878

HAVING count( * ) > 10;879

880

Real SQL SELECT T1.Airline881

FROM AIRLINES AS T1882

JOIN FLIGHTS AS T2 ON T1.uid = T2.Airline883

GROUP BY T1.Airline884

HAVING count( * ) >= 10;885

886

Figure 7: The distribution of Gold Error types in the
BIRD’s dev set.

Explanation The filtering condition is incorrect. 887

It should be >= 10. 888

Case 3: Incorrect Aggregation/Grouping Logic 889

(A2.4) 890

ID Spider_test(idx:1601) 891

NL Find the make that has more than one team. 892

Gold SQL SELECT make 893

FROM team 894

GROUP BY team 895

HAVING count( * ) > 1; 896

897

Real SQL SELECT make 898

FROM team 899

GROUP BY team.make 900

HAVING count( * ) > 1; 901

902

Explanation Incorrect grouping conditions. 903

Case 4: Incorrect Value Usage (A2.5) 904

ID BIRD_dev(idx:93) 905

NL How many male customers who are living in 906

North Bohemia have average salary greater 907

than 8000? (Male means that gender = ‘M’; 908

A3 refers to region; A11 pertains to average 909

salary.) 910

Gold SQL SELECT COUNT(T1.client_id) 911

FROM client AS T1 912

INNER JOIN district AS T2 913

ON T1.district_id = T2.district_id 914

WHERE T1.gender = 'M' 915

AND T2.A3 = 'North Bohemia' 916

AND T2.A11 > 8000; 917

918
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Real SQL SELECT COUNT(T1.client_id)919

FROM client AS T1920

INNER JOIN district AS T2921

ON T1.district_id = T2.district_id922

WHERE T1.gender = 'M'923

AND T2.A3 = 'north Bohemia'924

AND T2.A11 > 8000;925

926

Explanation The database actually stores north927

Bohemia (lowercase ‘n’).928

Case 5: Improper handling of NULL values929

(A2.6.1)930

ID Spider_test(idx:1841)931

NL Find the name of theaters that has at least one932

movie playing.933

Gold SQL SELECT name934

FROM movietheaters935

GROUP BY name936

HAVING count( * ) >= 1;937

938

Real SQL SELECT Name939

FROM MovieTheaters940

WHERE Movie IS NOT NULL;941

942

Explanation Gold SQL ignores the possibility of943

NULL values in the data.944

Case 6: Lexical/Semantic Ambiguity (B1.1)945

ID BIRD_dev(idx:3)946

NL What is the unabbreviated mailing address of947

the school with the highest FRPM count for948

K-12 students?949

Gold SQL SELECT T2.MailStreet FROM frpm AS T1950

INNER JOIN schools AS T2 ON951

T1.CDSCode = T2.CDSCode952

ORDER BY T1.`FRPM Count (K-12)`953

DESC LIMIT 1954

955

New NL What is the unabbreviated mailing street956

address of the school with the highest FRPM957

count for K-12 students?958

Explanation The phrase mailing address in the959

question is ambiguous and cannot accurately960

refer to the MailStreet column.961

Case 7: Implicit Assumptions (B2.1) 962

ID BIRD_dev(idx:54) 963

NL Please specify all of the schools and their re- 964

lated mailing zip codes that are under Avetik 965

Atoian’s administration. 966

Gold SQL SELECT School, MailZip 967

FROM schools 968

WHERE AdmFName1 = 'Avetik' AND 969

AdmLName1 = 'Atoian'; 970

971

Pred SQL SELECT School, MailZip 972

FROM schools 973

WHERE (AdmFName1 = 'Avetik' AND AdmLName1 = 974

'Atoian') OR (AdmFName2 = 'Avetik' AND 975

AdmLName2 = 'Atoian') OR 976

(AdmFName3 = 'Avetik' AND 977

AdmLName3 = 'Atoian'); 978

979

Explanation Each school has up to three adminis- 980

trators, but the Gold SQL only considers the 981

first one by default. 982

Case 8: Dirty Data (C1) 983

ID Spider_dev(idx:185)(flight_2) 984

NL List the airport code and name in the city of 985

Anthony. 986

Gold SQL SELECT AirportCode, 987

AirportName 988

FROM AIRPORTS 989

WHERE city = "Anthony"; 990

991

Pred SQL SELECT AirportCode, 992

AirportName 993

FROM airports 994

WHERE City = 'Anthony '; 995

996

Explanation Dirty data in the database causes the 997

Gold SQL to return an empty result because 998

the database stores ‘Anthony ’ (with a trailing 999

space). 1000

As shown in Figure 8, data inconsistency (extra- 1001

neous spaces in the database values) causes valid 1002

queries to fail execution checks. The database 1003

stores ’Anthony ’ instead of ’Anthony’, causing 1004

standard equality checks to fail. 1005
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airlines

INTEGER uid PK

TEXT Airline

TEXT Abbreviation

TEXT Country

airports

TEXT AirportCode PK

TEXT AirportName

TEXT City

TEXT Country

TEXT CountryAbbrew

fligths

INTEGER FlightNo PK

INTEGER Airline PK

TEXT SourceAirport FK

TEXT DestAirport FK

SourceAirport DestAirport

‘ APG’ ‘ ASY’

‘ ASY’ ‘ APG’

AirportCode City AirportName

‘APG’ ‘Aberdeen ’ ‘Phillips AAF ’

‘ABR’ ‘Aberdeen ’ ‘Municipal ’

SELECT AirportCode, AirportName FROM AIRPORTS WHERE city = "Anthony"

SELECT City, Country FROM AIRPORTS WHERE AirportName = "Alton"

SELECT T1.City FROM AIRPORTS AS T1 JOIN FLIGHTS AS T2 ON T1.AirportCode  
= T2.DestAirport GROUP BY T1.City ORDER BY count(*) DESC LIMIT 1

Empty Result

Gold SQL

Figure 8: An example of (C1:Dirty Data) from
database flight_2 in Spider’s dev set.

C Implementation Details and Prompts1006

This section details the specific prompt designs1007

used in the GBV-SQL framework.1008

C.1 Schema Representation1009

The template used for Schema Representation in1010

the Planner agent is shown in Figure 9.1011

(ContId, cont id [PRIMARY KEY]. Value examples:column type is 
INTEGER, [1, 2, 3, 4].),
(Continent, continent. Value examples:column type is TEXT, 
['europe', 'australia', 'asia', 'america'].)

Database ID: car_1

# Table: continents

(CountryId, country id [PRIMARY KEY]. Value examples:column type is 
INTEGER, [1, 2, 3, 4].),
(CountryName, country name. Value examples:column type is TEXT, 
['usa', 'uk', 'sweden', 'russia'].),
(Continent, continent [FOREIGN KEY -> continents.ContId]. Value 
examples:column type is INTEGER, [2, 1, 5, 4].)
.[[

# Table: countries

countries.`Continent` = continents.`ContId`
.[[

Foreign keys

Figure 9: The prompt template for Schema Representa-
tion.

C.2 Human-like Chain-of-Thought1012

Figure 10 illustrates the workflow of our Human-1013

like CoT reasoning process.1014

Prompt Content:1015

As a SQL expert, your task is to complete the fol-1016
lowing steps according to the SQLite specifica-1017
tion, based on the given [Question], [Evidence],1018
and [Database Schema]:1019

Step 1: Based solely on the [Question] and [Ev-1020
idence], analyze the specific intent of the1021
[Question] to determine what information1022
needs to be retrieved.1023

Step 2: Based on the results from Step 1 and in1024
conjunction with the [Database Schema],1025
analyze and identify the database tables1026
and columns required to generate the cor-1027
responding SQL query.1028

Draft SQL

Query

Evaluate

DISTINCT

Plan JOIN

Operations

Map to

Schema

Natural

Language

Question

Define GROUP

BY & ORDER BY

Determine

SELECT Fields

Analyze

Intent

Figure 10: Human-like Chain-of-Thought Workflow
for Drafting SQL Queries.

Step 3: Determine the exact columns to re- 1029
turn based on the question’s intent. Do 1030
not include extraneous columns. For ex- 1031
ample, if the question is “Who is the 1032
youngest singer?”, you should only return 1033
the singer’s name or ID, not their age. 1034

Step 4: Analyze if a JOIN operation is required. 1035
If so, specify the type of join (e.g., INNER 1036
JOIN, LEFT JOIN) and the columns to be 1037
used for the join condition. 1038

Step 5: Analyze if grouping is needed. If so, 1039
specify the columns for the GROUP BY 1040
clause. 1041

Step 6: Analyze if ordering is needed. If so, 1042
specify the columns for the ORDER BY 1043
clause. Do not add an ORDER BY clause 1044
unless it is explicitly required by the ques- 1045
tion. 1046

Step 7: Analyze whether the DISTINCT key- 1047
word is needed for deduplication. Gener- 1048
ally, if the [Question] asks for specific at- 1049
tributes of each entity record, the results 1050
should have a one-to-one correspondence 1051
with the entities, and DISTINCT is unnec- 1052
essary. However, when joining multiple ta- 1053
bles, carefully consider whether join ampli- 1054
fication might produce duplicate records, 1055
which would require using DISTINCT. This 1056
decision must be based on the specific 1057
problem. 1058

Step 8: Based on the information gathered 1059
above, generate the final SQL query using 1060
SQLite syntax. 1061

C.3 SQL Formatting 1062

The SQLChecker agent utilizes the prompt shown 1063

in Figure 11 for SQL formatting and optimization. 1064
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You are an SQL optimization assistant. Your task is, based on the user’s Question and Evidence and 
the provided SQL statement and related Database Schema, to complete the following tasks: 
  Task1: Strictly follow the minimization principle: return only the fields requested in the question; do 
not perform any derived inference, even if extra fields could enrich the information. 
  Task2: Follow the minimal-usable principle: operations not explicitly mentioned in the question 
must not appear (e.g., avoid string concatenation; you may directly return two separate fields). 
  Task3: Ensure the return format and the fields exactly match what the Question requests, including 
the number and order of fields. In SQL, return the columns in the same order as they appear in the 
Question. 
  Task4: Finally, output an executable and semantically correct SQL code block, ```sql```, and do not 
include any explanatory comments inside the code block. 
- - - - - - - - - - - - - - -
  case 1: What is the age and student id for the student called `Mark`? Indicate the student's class id. 
  sql1: select T1.age, T1.student_id, T1.class_id from student as T1 where T1.name = 'Mark’ 
  sql2: select T1.age, T1.class_id, T1.student_id from student as T1 where T1.name = 'Mark’ 
  Reason: sql2 is incorrect because the field order should be age, class_id, student_id, while the order 
in sql2 is wrong. 
- - - - - - - - - - - - - - -
  case 2: Which student has the highest average score? 
  sql1: SELECT s.student_id FROM students AS T1 JOIN scores AS T2 ON T1.student_id = 
T2.student_id GROUP BY T1.student_id ORDER BY AVG(T2.score) DESC LIMIT 1; 
  sql2: SELECT s.student_id, AVG(T2.score) FROM students AS T1 JOIN scores AS T2 ON 
T1.student_id = T2.student_id GROUP BY T1.student_id ORDER BY AVG(T2.score) DESC 
LIMIT 1; 
  Reason: sql1 is correct.Because he original question only asks which student has the highest average 
score, and does not ask for the corresponding score. Therefore, fields not requested by the question 
must not be returned.
- - - - - - - - - - - - - - -
  Please follow the above process, accept the following content, and output the modified SQL. 
```sql ``` 
Question:{Question} 
Evidence:{Evidence} 
SQL: {Sql} 
[Database Schema] 
{desc_db} 
[Foreign keys] 
{fk_info}

Figure 11: The prompt used by the SQLChecker agent for query formatting and reduction.
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