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Abstract001

Text-to-SQL generation aims to translate nat-002
ural language questions into SQL statements.003
In Text-to-SQL based on large language mod-004
els, schema linking is a widely adopted strategy005
to streamline the input for LLMs by selecting006
only relevant schema elements, therefore reduc-007
ing noise and computational overhead. How-008
ever, schema linking faces risks that require009
caution, including the potential omission of nec-010
essary elements and disruption of the structural011
integrity of database. To address these chal-012
lenges, we propose a novel framework called013
RSL-SQL that combines bidirectional schema014
linking, contextual information augmentation,015
and risk hedging selection strategy. On the016
BIRD dataset, we use both forward and back-017
ward pruning methods to improve the recall rate018
of schema linking, achieving a strict recall rate019
of 94%, while reducing the number of input020
columns by 83%. Furthermore, it hedges the021
risk by voting between a full mode and a sim-022
plified mode enhanced with contextual infor-023
mation. Experiments of our approach are com-024
parable to state-of-the-art accuracy on different025
benchmarks. Furthermore, our approach out-026
performs a series of GPT-4 based Text-to-SQL027
systems when adopting DeepSeek-V2 (much028
cheaper) with the same intact prompts. Exten-029
sive analysis and ablation studies confirm the030
effectiveness of each component in our frame-031
work.032

1 Introduction033

In recent years, the task of Text-to-SQL, i.e., trans-034

lating natural language questions into structured035

query language—has emerged as a critical technol-036

ogy for enabling non-expert users to access rela-037

tional databases (Qin et al., 2022; Wang et al., 2019;038

Katsogiannis-Meimarakis and Koutrika, 2023).039

With the rapid advancement of large language040

models (LLMs) in both understanding and gener-041

ation (Achiam et al., 2023; Anthropic, 2024; Ope-042

nAI, 2024), a growing body of research has ex-043

(a)RISK1: Incomplete Schema Recall

Dataset Full Schema:{Schools.City, 
Schools.Magnet,Schools.DistrictCode, ...}

Question: District code for Fresno schools?

Correct SQL:SELECT `District Code` FROM 
frpm AS F INNER JOIN schools AS S ON 
F.CDSCode = S.CDSCode WHERE S.Magnet = 0 
AND S.City = 'Fresno'

SIMPLIFIED SCHEMA:
{Schools.City, Schools.Magnet}

Result: Execution Error (Column not found)

(b)RISK2: Loss of Global Context

Dataset Full Schema:{Full schema}

Question: Accounts with the lowest approved loan 
amount?

CORRECT SQL:SELECT account.account_id 
FROM account INNER JOIN loan AND account. 
frequency = 'POPLATEK TYDNE' ORDER BY 
loan.amount ASC LIMIT 1 ...

SIMPLIFIED SCHEMA:
{Loan.Amount, Account.ID}

Result: Logical Error (Misinterpreted 
"Amount" meaning without full context)

The simplified schema does not contain District Code Schema linking causes the LLM to misunderstand the database 
structure, particularly due to incorrect selection of  'load.amount'.

Recall: loss DistrictCode Recall: Perfect

Figure 1: Two critical risks in schema linking: (a) In-
complete Recall, where necessary elements are dis-
carded; and (b) Volatile Gains, where contextual loss
hinders structural understanding.

plored prompt engineering to guide LLMs in SQL 044

generation, yielding impressive results. Prior stud- 045

ies have demonstrated that providing richer and 046

more detailed database descriptions—such as the 047

database’s structure, annotations, sample data, and 048

relational mappings—can significantly improve the 049

accuracy of the generated SQL queries (Lee et al., 050

2024; Li et al., 2024d). 051

For many real-world databases, the schema 052

can be extensive, containing numerous tables and 053

columns, especially with detailed descriptions (Li 054

et al., 2024c; Lei et al., 2024). However, a user’s 055

natural language query usually pertains to only a 056

much smaller subset of these database fields. Con- 057

sequently, feeding the complete schema to the LLM 058

for SQL generation may introduce a significant 059

amount of irrelevant information, which can dilute 060

the model’s focus and hinder its ability to accu- 061

rately comprehend the user’s intent and generate 062

precise SQL. To address this, many studies have 063

adopted a two-step cascading approach in LLM- 064

based Text-to-SQL pipelines (Li et al., 2024b; Ta- 065

laei et al., 2024): 1) Schema Linking aims to iden- 066

tify and extract relevant schema elements from the 067

complete database schema, thereby forming a sim- 068

plified schema subset; 2) SQL Generation aims 069
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to generated the target SQL query solely on above070

simplified schema.071

However, schema linking can indeed bring about072

several risks. The First Risk is that the perfor-073

mance of schema linking itself directly caps the074

upper bound of subsequent SQL accuracy. If the075

simplified schema misses any necessary tables or076

columns required to answer the user’s question,077

the generated SQL will inevitably be erroneous078

(Figure 1 (a)). The Second Risk is that the gains079

from schema simplification on downstream SQL080

generation are somehow volatile; even if all nec-081

essary schema elements are fully identified during082

the schema linking phase, it may not always yield083

positive gains (Figure 1 (b)). Precisely due to these084

risks, some studies (Maamari et al., 2024) have085

found that for particularly strong models like GPT-086

4o, the benefits brought by schema linking are often087

marginal or negligible. These risks highlight a del-088

icate balance: while schema linking can reduce089

noise and computational cost, it may also intro-090

duce errors through incomplete schema recall or091

undermine the LLM’s holistic comprehension of092

the complete database context.093

To enhance the advantages of schema linking094

while mitigating its risks, we propose RSL-SQL,095

a framework for mitigating the risks of schema096

linking in Text-to-SQL generation. In RSL-SQL,097

we first introduce a bidirectional schema linking098

method to address the risk of incomplete recall. It099

combines direct inference of relevant schema ele-100

ments from the user question with a reverse process101

that parses schema elements from generated SQL102

draft for the user question. By merging these, it103

achieves better coverage and efficiency than ex-104

isting schema linking techniques. To handle the105

second risk of unstable effects from schema sim-106

plification, we enrich the simplified schema with107

additional contextual information. This makes it108

more informative and helps compensate for any109

loss in the LLM’s overall understanding of the110

database. More critically, We apply a risk hedg-111

ing strategy that selects the optimal SQL based on112

the two generated SQL queries from the complete113

schema and the enriched simplified schema. This114

approach provides a more focused alternative dif-115

fers from traditional self-consistency methods (Li116

et al., 2024d), which generate multiple SQLs from117

the same schema. Together, these components al-118

low RSL-SQL to amplify the benefits of schema119

linking while reducing its drawbacks, resulting in120

significant performance improvements.121

In our experiments, we evaluate the proposed 122

method, RSL-SQL, on the BIRD, Spider and Spi- 123

der2.0 datasets, comparing its performance against 124

a range of existing Text-to-SQL methods. RSL- 125

SQL, powered by GPT-4o, delivers strong execu- 126

tion accuracy on BIRD and Spider. Additionally, 127

it reaches high on Spider 2.0-lite when utilizing 128

GPT-o3.Moreover, we demonstrate that when using 129

the cost-effective model DeepSeek-v2, RSL-SQL 130

outperforms many GPT-4-based methods on both 131

datasets. The ablation study reveals that each com- 132

ponent of our method contributes to the overall per- 133

formance gains. The main contributions of this pa- 134

per are summarized as follows: (1)A Novel Text-to- 135

SQL Framework:We propose RSL-SQL, a com- 136

prehensive framework composed of two key mod- 137

ules: Bidirectional Schema Linking for efficient 138

column pruning and Question Information Augmen- 139

tation for semantic enhancement. This architecture 140

effectively mitigates schema noise and enhances 141

reasoning capabilities, enabling precise SQL gen- 142

eration in large-scale environments. (2)Strong 143

Generalizability Across Benchmarks: RSL-SQL 144

demonstrates strong transferability without domain- 145

specific fine-tuning. It consistently achieves near- 146

optimal performance (ranking second) across di- 147

verse scenarios, ranging from the standardized Spi- 148

der dataset to the noisy BIRD and the massive Spi- 149

der 2.0-Lite benchmarks. (3)High Performance 150

with Low Consumption: We achieve a superior 151

balance between accuracy and cost. Unlike meth- 152

ods relying on resource-intensive multi-candidate 153

sampling, RSL-SQL delivers competitive execu- 154

tion accuracy with significantly lower token con- 155

sumption and inference latency. 156

2 Related Work 157

2.1 Schema Linking in Text-to-SQL 158

Schema linking is a key step in text-to-SQL tasks, 159

aiming to identify relevant database tables and 160

columns for natural language queries. Models like 161

RAT-SQL (Guo et al., 2019), SchemaGNN (Bo- 162

gin et al., 2019), and ShadowGNN (Chen et al., 163

2021b) use relationship-aware self-attention mech- 164

anisms to enhance schema integration. SADGA 165

(Cai et al., 2021) introduces a dual-graph frame- 166

work to encode and aggregate information from 167

both queries and schemas. With LLMs excelling 168

in NLP tasks, methods like CHESS (Talaei et al., 169

2024) improve schema linking by retrieving rele- 170

vant database information, while MCS-SQL (Lee 171
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et al., 2024) uses multiple prompts and LLM re-172

sponses to filter out irrelevant tables and columns.173

SQL-to-schema approaches perform schema link-174

ing by parsing the SQL query itself (Yang et al.,175

2024). Most recently, reasoning-enhanced models176

such as SQL-R1 (Ma et al., 2025) have emerged,177

which treat schema linking as a distinct reasoning178

step within a reinforcement learning or multi-agent179

framework to better align schema understanding180

with execution correctness.Our approach applies181

bidirectional schema linking to better analyze the182

relationship between the initial SQL and the neces-183

sary elements to answer the user’s query.184

2.2 Candidate Generation Strategies for SQL185

Synthesis186

Early Text-to-SQL research relied on hand-187

designed templates (Zelle and Mooney, 1996),188

which worked well for simple cases but were lim-189

ited by manual. With the rise of Transformer190

models, especially sequence-to-sequence architec-191

tures (Sutskever, 2014; Vaswani, 2017), Text-to-192

SQL research advanced significantly. Models like193

IRNet (Guo et al., 2019) and RAT-SQL (Wang194

et al., 2019) integrated schema information into195

SQL generation via relationship-aware attention196

mechanisms. As LLMs proved effective for NLP197

tasks, research increasingly focused on their poten-198

tial for Text-to-SQL, introducing task decomposi-199

tion and reasoning strategies like Chain of Thought200

(CoT) (Wei et al., 2022) to improve performance.201

Methods generating multiple candidate SQLs and202

selecting the best have shown success (Chen et al.,203

2021a; Li et al., 2022; Ni et al., 2023), such as204

using different prompts to generate and choose op-205

timal solutions (Pourreza et al., 2024).In 2025, gen-206

eration strategies have shifted towards reinforce-207

ment learning and self-correction，such us Arctic-208

Text2SQL-R1 (Yao et al., 2025) optimizes genera-209

tion via execution-based rewards. In contrast, our210

approach generates only two candidate SQLs—one211

from the full schema and one from the simplified212

schema—greatly reducing token usage and enhanc-213

ing efficiency.214

3 Method215

We introduce RSL-SQL, a training-free framework216

for Text-to-SQL with LLMs. The framework ad-217

dresses two primary risks: Risk 1 (incomplete re-218

call) is mitigated via a Bidirectional Schema Link-219

ing mechanism; Risk 2 (volatile gains from simpli-220

fication) is addressed through a pipeline compris- 221

ing Preliminary SQL Generation, Contextual 222

Information Augmentation, and a Risk Hedging 223

Selection Strategy. Unlike self-consistency meth- 224

ods (Lee et al., 2024), RSL-SQL deterministically 225

generates SQL1 and SQL2 using distinct schema in- 226

formation. 227

We formulate the task under two sub-tasks: (1) 228

Schema Element Recall, identifying a subset 229

S ′ ⊆ S that maximally recalls all necessary el- 230

ements required to generate the correct SQL. The 231

objective is to ensure that the subset contains all es- 232

sential schema elements; (2) SQL Generation for 233

Risk Hedging, designing a strategy to maximize 234

query reliability by balancing semantic precision 235

and structural integrity. 236

The database schema S follows an M-schema 237

style (Gao et al., 2024b), providing a modular de- 238

scription including table names, column types, for- 239

eign keys, and value samples to aid value-based 240

reasoning (Li et al., 2024d). The detailed execution 241

process is provided in the Appendix A 242

3.1 Bidirectional Schema Linking 243

To mitigate the risk of insufficient recall, we present 244

Bidirectional Schema Linking. As compared in 245

Figure 3 in the Appendix, unlike retrieval-based 246

methods (Figure 3(a)) that score each elements 247

individually or standard generative methods (Fig- 248

ure 3(b)) that select elements in a single pass, our 249

approach (Figure 3(c)) combines forward schema 250

linking and backward schema linking to derive a 251

simplified database schema. 252

Forward Schema Linking In this step, we 253

prompt the LLMs with database schema S and 254

the natural language query Q to identify poten- 255

tially relevant tables and columns. Since columns 256

mentioned in the user query may be directly re- 257

lated to the correct SQL, we also perform an exact 258

match to recall the columns explicitly referenced 259

in the query. Together, these steps constitute For- 260

ward Schema Linking. To avoid naming conflicts, 261

the output list is formatted as table_name and 262

table_name.column_name. The prompt is shown 263

in Figure 9. This yields a set of potentially relevant 264

elements, denoted Lfwd: 265

Lfwd = LLMfwd(Q,S) ∪Matchfwd(Q,S) (1) 266

Backward Schema Linking We observed that 267

while an initial SQL generated directly may be in- 268

correct, the fields it references are often strongly 269
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Question

+
Full Schema

Fixed Prompt

...

Question

+
Full Schema

Different Strategy

Ballot Box

Ballot Box

SQL-1

SQL-2

SQL-n

... ...

Final SQL

Final SQL

Full Schema <SQL 1>

      Simplified
     Schema

· Description
· Condition
· Keyword
· Element

Information

<SQL 2> Final SQL

(a) Sampling-based Self-Consistency

(b) Different Prompt-Gen Strategy

(c) Risk Hedging Strategy (Ours)

<R 1>

<R 2>

Strategy1:break down 
schema into pieces

Strategy2:generate 
code for SQL

Strategy3: ......

Risk-hedging 
strategy

Execution

Different
SQL-Gen
Strategy

Two 
Different Schema

SQL-1

SQL-2

SQL-n

Figure 2: Comparison of SQL generation strategies. (a) Sampling-based Self-Consistency: Generates multiple
candidate SQLs using a fixed schema and prompt with random decoding (Temperature > 0), followed by majority
voting. (b) Prompt-based Strategy: Generates candidates using varying prompts and selects the best output. (c) Risk
Hedging Strategy (Ours): Deterministically generates two complementary candidates—one from the Full Schema
and one from the Simplified Schema —and employs a selection mechanism based on execution results to hedge
against schema linking risks.

correlated with the correct SQL. Based on this,270

we propose Backward Schema Linking. First, the271

LLM is provided with the initial schema and Lfwd272

to guide SQL generation. Next, we parse the273

generated SQL using the sqlglot (tobymao, 2024)274

tool to extract referenced tables and columns, de-275

noted as Lbwd: The backward linking set is de-276

rived as Lbwd = Tool(SQL,S), where SQL =277

LLMgen(Q, Lfwd). This process complements for-278

ward schema linking, as Lbwd may capture impor-279

tant elements missed in Lfwd. Particularly, if the280

generated SQL is already correct, Lbwd will cer-281

tainly encompass all necessary tables and columns.282

Bidirectional Integration In each iteration, we283

perform forward and backward linking to obtain284

Lfwd and Lbwd. The number of iterations is ad-285

justable. For Spider (Yu et al., 2018) and BIRD (Li286

et al., 2024c), we perform a single iteration, while287

for Spider2.0 (Lei et al., 2024), we perform three288

iterations. Finally, we merge the sets obtained in289

each iteration to derive the simplified schema S ′:290

S ′ =
N⋃
i=1

(
L
(i)
fwd ∪ L

(i)
bwd

)
(2)291

We refer to this process as Bidirectional Schema292

Linking, which effectively eliminates unrelated de-293

tails while preserving high recall. In all subsequent294

steps, we rely only on the simplified schema S ′.295

3.2 Contextual Augmented SQL Generation 296

Schema linking simplifies the schema but may de- 297

stroy the integrity of the complete database or 298

obscure the connection between the user ques- 299

tion and schema elements. To improve ro- 300

bustness, we introduce two augmentation strate- 301

gies:Preliminary SQL Generation and Contextual 302

Information Augmentation,which all collectively 303

enhance the LLM’s semantic and structural under- 304

standing of the database.Please refer to Appendix B 305

for the detailed execution process of two steps. 306

3.3 Risk Hedging Selection Strategy 307

SQL1 (from full schema) and SQL2 (from simplified 308

schema) each have distinct advantages: the for- 309

mer preserves structural integrity, while the latter 310

reduces noise. To balance this trade-off, we de- 311

sign a Risk Hedging Selection Strategy.Figure 2 312

illustrates the difference between our approach 313

and varying decoding strategies. Unlike Sampling- 314

based Self-Consistency (Figure 2(a)) or Prompt- 315

based strategies (Figure 2(b)) that rely on generat- 316

ing multiple candidates via randomness or varying 317

prompts, our method (Figure 2(c)) deterministi- 318

cally generates two complementary candidates and 319

employs execution-based binary selection. 320

SQL Execution and Result Annotation We ex- 321

ecute both SQL1 and SQL2 on database D to obtain 322
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results R1 and R2. We annotate these results by323

capturing error messages or summarizing returned324

rows like "No rows returned" or "100 rows total,325

showing first 5 rows".326

LLM based Binary Selection We then prompt327

the LLM to select the better query between SQL1328

and SQL2, denoted as SQL3. The input includes Ŝ ′,329

Q, SQL1, R1, SQL2, and R2:330

SQL3 = LLMselect(Ŝ
′,Q, SQL1,R1, SQL2,R2) (3)331

The goal of SQL3 is to explicitly balance schema332

completeness and noise reduction. In cases where333

both candidates are flawed, the LLM may generate334

a new query (occurring in ≈ 2% of cases). The335

prompt is shown in Figure 12 in the Appendix.336

Besides, to address potential syntax errors in337

SQL3, we employ an iterative self-correction mecha-338

nism guided by execution feedback (Pourreza et al.,339

2024). For BIRD and Spider, where schema com-340

plexity is moderate, we perform up to 3 rounds of341

refinement on SQL3 to minimize token overhead.342

In contrast, for the more challenging Spider 2.0343

benchmark, we adopt an aggressive strategy by in-344

dependently correcting SQL1 and SQL2 before per-345

forming the final selection to maximally mitigate346

hallucinations caused by massive schema fields.347

4 Experiment348

4.1 Benchmarks349

To comprehensively evaluate the effectiveness350

and generalization capabilities of RSL-SQL across351

varying database complexities, we conduct exten-352

sive experiments on three prominent Text-to-SQL353

benchmarks: BIRD, Spider, and Spider 2.0-Lite.354

These datasets encompass a wide range of scenar-355

ios, from standardized academic schemas to mas-356

sive, enterprise-scale real-world databases.357

BIRD Benchmark The BIRD dataset (Li et al.,358

2024c) is a large-scale, cross-domain Text-to-SQL359

dataset. Its key characteristic is the emphasis360

on processing database values while highlighting361

the challenges posed by dirty external knowledge362

bases, noisy database values, and the efficiency of363

SQL queries—especially in large-scale database364

environments.365

Spider Benchmark The Spider dataset (Yu et al.,366

2018) is a large-scale, cross-domain Text-to-SQL367

task dataset. Its key characteristic is that it not368

only contains complex SQL queries but also cov-369

ers multi-table databases, making it an important370

resource for testing model generalization capabili- 371

ties. 372

Spider2.0-Lite Benchmark The databases in 373

Spider 2.0 (Lei et al., 2024) come from real appli- 374

cations, typically containing over 1,000 columns 375

and stored in local or cloud systems such as Big- 376

Query and Snowflake. Spider 2.0-Lite simplifies 377

the task by offering a self-contained setup with 378

well-prepared database metadata and documenta- 379

tion. With 547 examples, this version focuses on a 380

text-in, text-out approach, enabling faster develop- 381

ment and evaluation. 382

4.2 Evaluation Metrics 383

We evaluate the performance of RSL-SQL using 384

four key metrics. Execution Accuracy (EX) mea- 385

sures the proportion of predicted SQL queries that 386

functionally match the ground truth (Yu et al., 387

2018), while the Valid Efficiency Score (VES) 388

assesses the execution efficiency of these correct 389

queries (Li et al., 2024c). To quantify schema link- 390

ing effectiveness, we employ Non-Strict Recall 391

(NSR) for element-level overlap analysis and Strict 392

Recall Rate (SRR) to determine the ratio of sam- 393

ples where all required elements are successfully 394

recalled. Our framework prioritizes maximizing 395

SRR while minimizing the linked schema size |S̃| 396

to ensure both precision and robustness. Detailed 397

mathematical formulations for each metric are pro- 398

vided in Appendix C. 399

4.3 Results and Analysis 400

4.3.1 SQL Generation Results 401

The comparative performance of RSL-SQL against 402

representative baselines on BIRD (Li et al., 2024c), 403

Spider (Yu et al., 2018), and Spider 2.0-Lite (Lei 404

et al., 2024) is summarized in Table 1. 405

BIRD Benchmark On the BIRD dataset (Li 406

et al., 2024c), RSL-SQL demonstrates high com- 407

petitiveness using both GPT-4o and DeepSeek-V2 408

backbones. Within the landscape of prompt-based 409

solutions, our framework ranks second only to 410

CHESSIR+CG+UT (Talaei et al., 2024). However, it 411

is important to note that CHESS requires a substan- 412

tial computational budget to generate 20 candidate 413

SQL queries, whereas RSL-SQL delivers superior 414

Valid Efficiency Scores (VES) at a significantly 415

lower inference cost. Crucially, as illustrated in 416

Table 2, RSL-SQL significantly outperforms ro- 417

bust baselines such as E-SQL (Caferoğlu and 418

Ulusoy, 2024) and CHESSIR+SS+CG (Talaei et al., 419

2024) when evaluated under identical DeepSeek 420
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Table 1: Comparison of different methods on BIRD, Spider, and Spider-2.0-Lite benchmarks. Note: 1) MCS
column indicates Multi-Candidate Strategy; 2) We merge results from different benchmarks under the Test EX
(Execution Accuracy) metric; 3) For RSL-SQL (Ours), we report performance across various models; 4) Bold
denotes the best result, and underlined denotes the second best.

Method Model MCS Test EX
BIRD Spider Spider 2.0

Fine-tuning-based methods

DTS-SQL (Pourreza and Rafiei, 2024b) DeepSeek-7B ✗ 60.31 79.9 -
CodeS (Li et al., 2024b) CodeS-7B ✗ 59.25 - -
CodeS (Li et al., 2024b) CodeS-15B ✗ 64.62 - 0.73
Distillery (Maamari et al., 2024) GPT-4o (FT) ✗ 71.83 - -
MSc-SQL (Gorti et al., 2024) Gemma-2-9B ✓ - 84.7 -
XiYan-SQL (Gao et al., 2024a) - ✓ 75.63 - -

Prompt-based methods

DIN-SQL (Pourreza and Rafiei, 2024a) GPT-4 ✗ 55.90 85.3 1.46
DAIL-SQL (Gao et al., 2023) GPT-4 ✗ 57.41 86.6 5.68
MCS-SQL (Lee et al., 2024) GPT-4 ✓ 65.45 89.6 -
TA-SQL (Qu et al., 2024) GPT-4 ✗ 59.14 - -
SuperSQL (Li et al., 2024a) GPT-4 ✗ 62.66 - -
MAG-SQL (Xie et al., 2024) GPT-4 ✗ - 85.6 -
E-SQL (Caferoğlu and Ulusoy, 2024) GPT-4o ✓ 66.29 - -
MAC-SQL (Wang et al., 2023) GPT-3.5/4 ✗ 59.59 82.8 -
CHESS (Talaei et al., 2024) Proprietary ✗ 66.69 - 3.84
CHESS (Talaei et al., 2024) Gemini-1.5 ✓ 71.10 - -
Spider-Agent (Lei et al., 2024) GPT-4o/R1 ✗ - - 13.71
ReFoRCE (Deng et al., 2025) GPT-o3 ✓ - - 37.84

RSL-SQL (Ours)

RSL-SQL DeepSeek-V3 ✗ 64.08 87.5 26.14
RSL-SQL GPT-4o ✗ 68.70 87.9 19.01

Table 2: Comparison of different methods under the
same LLM on the BIRD and spider-2.0 benchmark.

Method Model MCS Dev EX

BIRD

E-SQL DeepSeek-V3 ✗ 60.10
CHESSIR+SS+CG DeepSeek-V3 ✗ 61.34
RSL-SQL (Ours) DeepSeek-V3 ✗ 64.08

Spider-2.0

ReFoRCE (Deng et al., 2025) GPT-o3 ✓ 37.84
RSL-SQL(Ours) GPT-o3 ✗ 33.09

backbones, all while maintaining higher token421

efficiency.422

Spider Benchmark To verify the generaliza-423

tion capability across simpler schema structures,424

we evaluated RSL-SQL on the Spider benchmark425

(Yu et al., 2018). Our approach secures the426

second-best position, trailing only MCS-SQL (Lee427

et al., 2024)—which relies on an intensive Self-428

Consistency strategy (Wang et al., 2022) involving429

up to 60 candidates. This result confirms that RSL-430

SQL remains highly effective even in environments431

with standardized naming and moderate complex-432

ity.433

Spider 2.0-Lite Benchmark Transitioning to434

enterprise-scale schemas with thousands of fields,435

Spider 2.0-Lite (Lei et al., 2024) presents a far436

more rigorous challenge. While established meth-437

ods like DIN-SQL (Pourreza and Rafiei, 2024a)438

and DAIL-SQL (Gao et al., 2023) experience sharp 439

performance declines in this setting, RSL-SQL 440

maintains strong accuracy. Utilizing GPT-4o, 441

our framework outperforms these baselines by a 442

margin exceeding 10 percentage points, ranking 443

second overall behind only ReFoRCE (Deng et al., 444

2025). 445

446

4.3.2 Schema Linking Results 447

Schema linking quality is critical to both SQL ac- 448

curacy and token efficiency. We evaluate our bidi- 449

rectional schema linking method on the BIRD and 450

Spider 2.0-Lite benchmarks, with results detailed 451

in Table 3. 452

BIRD Benchmark On the BIRD development 453

set, we compare RSL-SQL against two primary 454

categories of schema linking. Fine-tuning-based 455

methods, such as CodeS (Li et al., 2024b), RESD- 456

SQL (Li et al., 2023), and FinSQL (Zhang et al., 457

2024), typically rely on trained T5-based Cross- 458

Encoders (C-E), which score and rank schema 459

elements based on their relevance to the natural 460

language question. While our reproduction of 461

the CodeS retriever shows that strict recall (SRR) 462

improves as the number of retrieved columns in- 463

creases (Top-10 to Top-30), its Top-30 performance 464

remains only marginally higher than our DeepSeek- 465
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Table 3: Comparison of SRR and NSR metrics across
different methods on the BIRD development set and
Spider2.0-Lite benchmark. Avg. C denotes the average
number of columns input per question.

Data Method NSR SRR Avg. C

BIRD

Full Schema 100 100 76.28
Gold 100 100 4.74

Fine-tuning-based methods
C-E (K=10) 88.05 77.83 10.00
C-E (K=20) 95.90 89.30 19.14
C-E (K=30) 97.69 93.74 27.82

Prompt-based methods
HySCSL [Maamari et al. (2024)] - 90.36 -
SCSL [Maamari et al. (2024)] - 88.77 -
HyTCSL [Maamari et al. (2024)] - 83.00 -
TCSL [Maamari et al. (2024)] - 77.44 -
MCS [Lee et al. (2024)] - 89.80 -
CHESS [Talaei et al. (2024)] 92.10 86.63 6.31
RSL-SQL (DeepSeek-V3) 97.29 93.28 14.85
RSL-SQL (GPT-4o) 97.69 94.32 13.02

Spider2.0

C-E (K=100) 81.27 65.60 107.33
C-E (K=200) 86.86 75.20 168.98
C-E (K=300) 89.43 80.40 222.18
C-E (K=400) 90.44 81.20 264.97
C-E (K=500) 91.49 82.40 305.42
ReFoRCE(DeepSeek-V3) 93.94 90.00 410.57
RSL-SQL (DeepSeek-V3) 94.53 85.60 87.75
RSL-SQL (GPT-o1) 94.10 82.00 82.15

V2 results. In contrast, prompt-based methods466

like CHESS (Talaei et al., 2024) and MCS-SQL467

(Lee et al., 2024) require dozens of LLM calls, yet468

achieve SRR significantly lower than ours. RSL-469

SQL invokes the LLM only twice; with GPT-4o, we470

achieve a 94.32% SRR and 97.69% NSR with an471

average of only 13 columns, demonstrating a sub-472

stantial advantage in both precision and efficiency.473

Spider 2.0-Lite Benchmark For enterprise-scale474

schemas in Spider 2.0-Lite, RSL-SQL demon-475

strates superior field reduction capabilities. Com-476

pared to the 500-column cross-encoder baseline,477

using GPT-o1 reduces the input column count by478

approximately 73% while maintaining a compa-479

rable SRR. While ReFoRCE (Deng et al., 2025)480

achieves a high SRR of 90%, it is limited to table481

linking and results in an average of 410 columns,482

failing to achieve effective column reduction. No-483

tably, RSL-SQL maintains strong performance484

when using the DeepSeek-V3 model, confirming485

that our approach’s overhead is not a bottleneck486

even in complex environments.487

4.4 Ablation Study488

We conduct ablation experiments on the BIRD de-489

velopment set to investigate the impact of each490

component in RSL-SQL on execution accuracy in491

Table 4. Additionally, we explore the effective-492

ness of bidirectional schema linking on complex493

benchmarks in Table 7.494

Table 4: Ablation Study on Execution Accuracy and
Contribution of Each Component at Different Difficulty
Levels on the BIRD Development Set Based on GPT-4o
Models.

Step Execution Accuracy

Simple Moderate Challenging Total

Step 1 70.05 52.59 48.28 62.71
Step 2 72.11 54.74 53.10 65.06
Step 3 74.38 57.11 53.79 67.21

Step 2 72.11 54.74 53.10 65.06
- w/o SIA 71.03 53.66 51.03 63.89
- w/o QIA 71.24 54.09 48.97 63.95
- w/o Both 70.70 49.35 49.66 62.26

SQL Generation and Risk Hedging As shown 495

in Table 4, each component in our framework im- 496

proves execution accuracy by 1% to 3%. Notably, 497

performance significantly deteriorates without con- 498

textual information augmentation (CIA), consis- 499

tent with findings in Maamari et al. (2024). CIA 500

improves accuracy from 62.26% to 65.06% by mit- 501

igating simplification risks. Detailed ablation on 502

Haug components (He, Hc, Hk) on the subsampled 503

set confirms their collective effectiveness in Ta- 504

ble 6. 505

The risk-hedging selection strategy balances 506

schema integrity and noise reduction by choosing 507

between SQL1 and SQL2, contributing a crucial 508

2% accuracy gain. As illustrated in Fig. 4 in the Ap- 509

pendix, this strategy maintains high execution ac- 510

curacy even under low strict recall scenarios. In the 511

left panel, while single-directional Forward linking 512

leads to a decline in accuracy due to low recall, our 513

selection strategy consistently yields substantial 514

gains. 515

Schema Linking Analysis As shown in Table 7, 516

our bidirectional mechanism effectively mitigates 517

the risk of losing critical fields. On BIRD, forward 518

linking achieves 84% recall, whereas backward 519

linking reaches 90%, indicating its unique advan- 520

tages. Their integration reaches a SOTA 94% recall 521

without significantly increasing column overhead. 522

Furthermore, evaluating retrieval-based linking at 523

different k values reveals that even when recall is 524

sub-optimal, RSL-SQL’s risk-hedging maintains 525

competitive accuracy across all stages. 526

4.5 Token Consumption 527

On BIRD benchmark, we replicate the MAC- 528

SQL (Wang et al., 2023), TA-SQL (Qu et al., 529

2024), E-SQL (Caferoğlu and Ulusoy, 2024), and 530

CHESS (Talaei et al., 2024) methods. Due to 531

cost limitations, we randomly select 100 samples 532
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Table 5: Token Consumption and Execution Accuracy Across Different Methods. Bold denotes the best result, and
underlined denotes the second best.

Benchmark Method Model Avg. Tokens EX
Input Output

BIRD Dev

MAC-SQL (Wang et al., 2023) GPT-4 6.20 k 0.58 k 59.39
TA-SQL (Qu et al., 2024) GPT-4 6.90 k 0.33 k 56.19
E-SQL (Caferoğlu and Ulusoy, 2024) GPT-4o 43.80 k 0.93 k 65.58
CHESSIR+SS+CG (Talaei et al., 2024) – 114.25 k 3.26 k 65.00
CHESSIR+CG+UT (Talaei et al., 2024) Gemini-1.5 276.21 k 12.80 k 68.31
RSL-SQL (ours) DeepSeek-V3 14.57 k 0.53 k 63.56
RSL-SQL (ours) GPT-4o 14.22 k 0.47 k 67.21

Spider 2.0 ReFoRCE (Deng et al., 2025) DeepSeek-R1 524.11 k 73.28 k 29.61
RSL-SQL (ours) DeepSeek-R1 70.45 k 29.55 k 30.53

Table 6: Ablation Study on the Question Information
Augmentation Component on the Subsampled Develop-
ment Set Using GPT-4o Model, Hkec = {He, Hc, Hk}.

Setting Execution Accuracy

Simple Moderate Challenging Total

Step 2: CIA 72.84 51.85 41.67 62.59
- w/o He 71.60 44.40 50.00 59.86
- w/o Hk 72.84 50.00 41.67 61.90
- w/o Hc 70.37 50.00 50.00 61.22
- w/o Hkec 69.14 50.00 50.00 60.54

Table 7: Ablation Study of Schema Linking on the
BIRD and Spider2.0-Lite Benchmarks.

Data Model Setting NSR SRR Avg. C

BIRD GPT-4o
Bidirectional 97.69 94.32 13.02
· Forward 90.04 84.74 9.12
· Backward 95.54 90.48 10.29

from the BIRD development set to estimate the533

economic and time costs of these methods on this534

subset. As shown in Table 5, compared to MAC-535

SQL (Wang et al., 2023) and TA-SQL(Qu et al.,536

2024), our method consumes twice as many in-537

put tokens but incurs significantly lower economic538

overhead and achieves higher execution accuracy.539

In comparison to E-SQL (Caferoğlu and Ulusoy,540

2024), which uses three times more input tokens541

and incurs higher costs, our method outperforms542

E-SQL (Caferoğlu and Ulusoy, 2024) in execu-543

tion accuracy with the GPT-4o model. Compared544

to CHESSIR+SS+CG (Talaei et al., 2024), which has545

lower execution accuracy and consumes eight times546

more input tokens and almost twice the process-547

ing time, our method still outperforms. Compared548

to CHESSIR+CG+UT (Talaei et al., 2024), despite a549

slightly lower execution accuracy with GPT-4o, it550

consumes 19 times more input tokens, 27 times551

more output tokens, and has much higher eco-552

nomic overhead. Using the DeepSeek-V2 model,553

we maintain high accuracy with only need 80554

times less economic overhead per question cost 555

of CHESS to maintain comparable high accuracy. 556

Overall, our method strikes an excellent balance 557

between performance and cost-effectiveness. 558

For the Spider2.0-Lite benchmark, we reproduce 559

the ReFoRCE method with its sampling set to 8. 560

Although ReFoRCE achieves a higher execution 561

accuracy of 37.84% when using the GPT-o3 model, 562

surpassing our method, its performance is slightly 563

lower than ours when using the same DeepSeek-R1 564

model. Moreover, token statistics reveal that the in- 565

put token count for ReFoRCE is seven times higher 566

than that of our method. Overall, our approach 567

strikes a good balance between performance and 568

cost-effectiveness. 569

5 Conclusion 570

We propose the RSL-SQL framework, which mit- 571

igates the risks brought by schema linking and 572

achieves performance comparable to the SOTA on 573

the BIRD development set. We conduct an in-depth 574

analysis of how schema linking recall rates affect 575

the execution accuracy of SQL generation for dif- 576

ferent models. Through ablation studies, we vali- 577

date the effectiveness of each component within the 578

framework and investigate their operational mech- 579

anisms. Additionally, we compare the computa- 580

tional costs of various methods, demonstrating that 581

our framework achieves an excellent balance be- 582

tween performance and cost, making it a highly 583

efficient and cost-effective solution. 584

Limitations 585

While our proposed text-to-SQL generation frame- 586

work demonstrates significant improvements in per- 587

formance and efficiency, it is essential to acknowl- 588

edge some limitations. 589

First, our approach relies heavily on the quality 590

and coverage of the schema linking process. Al- 591

8



though our bidirectional schema pruning technique592

achieves a high strict recall rate, there may still593

be edge cases where relevant schema elements are594

not captured (e.g., implicitly referenced columns in595

complex reasoning scenarios), potentially impact-596

ing the accuracy of the generated SQL queries.597

Second, the effectiveness of our information aug-598

mentation strategy may vary depending on the com-599

plexity and domain of the database. In some cases,600

the generated additional elements may not fully601

capture the nuances of the database structure or602

specific domain knowledge, leading to suboptimal603

SQL generation.604

Finally, like most prompt-based methods, our605

approach is sensitive to the underlying LLM’s ca-606

pability. While we demonstrated effectiveness on607

GPT-4o and DeepSeek models, performance varia-608

tions across other models remain an area for further609

investigation. Despite these limitations, our work610

presents a significant step forward in mitigating the611

risks associated with schema linking.612
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A Detailed Process of RSL-SQL819

Framework820

The execution process of the RSL-SQL framework821

follows a four-step pipeline designed to mitigate the822

inherent risks of schema linking while maintaining823

high generation accuracy.824

In Step 1: Bidirectional Schema Linking825

(BSL), the system identifies a precise subset of the826

database schema. It starts with Forward Linking,827

which extracts potentially relevant elements based828

on the user question and the full schema. An initial829

SQL draft (SQL1) is then generated to perform830

Backward Linking, where schema elements are ex-831

tracted directly from the predicted SQL to capture832

essential columns that might have been missed dur-833

ing the forward link. These elements are merged to834

form a simplified and pruned schema S ′.835

In Step 2: Contextual Information Augmen-836

tation (CIA), the framework enhances the LLM’s837

understanding of the simplified schema. By gen-838

erating semantic descriptions for columns and de-839

composing the user question into intermediate SQL840

components (such as specific conditions and key-841

words), the system provides an augmented context842

Haug. This context guides the generation of a sec-843

ond candidate query, SQL2.844

In Step 3: Risk Hedging Selection (RHS), the845

framework performs a deterministic selection be-846

tween SQL1 (representing structural integrity) and847

SQL2 (representing noise reduction). Both queries848

are executed and their results are passed to an LLM-849

based binary selector. This selector evaluates the850

reliability of each candidate based on the execu-851

tion outcomes and the original question, effectively852

hedging against potential failures in the schema853

linking process.854

Algorithm 1: RSL-SQL Framework Exe-
cution Process

Input: Full Schema S, User QuestionQ, Value
Samples V , Few-Shot E

Output: Final Executable SQL SQL4

1 Step 1: Bidirectional Schema Linking (BSL)
2 Lfwd ← FwdLink(S,Q)
3 SQL1 ← GenSQL(S, Lfwd,Q, E) // Initial

generation

4 Lbwd ← ExtractElements(SQL1)

5 S ′ ← SimplifiedSchema(S, Lfwd ∪ Lbwd)

// Schema Pruning

6 Step 2: Contextual Information Augmentation
(CIA)

7 D, Hcond ← AugmentInfo(S ′
,Q)

8 Haug ← {D, Hcond}
9 SQL2 ← GenSQL(S ′

, Haug,Q, E) // Augmented

generation

10 Step 3: Risk Hedging Selection (RHS) // Core

Strategy

11 R1 ← Execute(SQL1); R2 ← Execute(SQL2)

12 ifR1 == R2 andR2 ̸= ∅ then // Consistency

13 SQL3 ← SQL2
14 else if SQL1 is Error and SQL2 is Valid then
15 SQL3 ← SQL2 // Avoid noise error

16 else // Conflict/Error

17 SQL3 ← LLM_Select(SQL1,R1, SQL2,R2,Q)
18 end

19 Step 4: Multi-Turn Self-Correction (MTSC)
20 for iteration i = 1 to N do
21 E ← Execute(SQL3)

22 if E is Empty then break
23 SQL3 ← SelfCorrect(SQL3, E,S ′

)

24 end
25 return SQL3

Finally, in Step 4: Multi-Turn Self-Correction 855

(MTSC), the selected query SQL3 undergoes an 856

iterative refinement process. The system executes 857

the query and, if errors are detected, uses the ex- 858

ecution feedback to correct the SQL until a valid 859

or optimal statement SQL4 is produced. The com- 860

plete logic is formalized in Algorithm 1. 861

B Details of Contextual Augmented SQL 862

Generation 863

To improve the robustness of the framework against 864

information loss during schema pruning, we in- 865

troduce a contextual augmentation pipeline. As 866

discussed in Section 3, while schema linking sim- 867

plifies the input, it may inadvertently obscure struc- 868

tural connections or semantic nuances. We address 869

this through the following two augmentation strate- 870
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gies:871

Step 1: Preliminary SQL Generation To lever-872

age the structural integrity of the full database, we873

first provide the LLM with the complete schema S ,874

query Q, few-shot demonstrations E , and the for-875

ward linking result Lfwd to generate an initial SQL876

query, denoted as SQL1. The prompt is shown in877

Figure 7. Empirically, incorporating Lfwd slightly878

enhances accuracy:879

SQL1 = LLMgen(Q,S, E , Lfwd) (4)880

Step 2: Contextual Information Augmentation881

This step enhances the LLM’s understanding of the882

simplified schema S ′ from two perspectives:883

1) Schema Information Augmentation. Describ-884

ing a database solely with S ′ may lack semantic885

clarity. Following (Qu et al., 2024), we prompt886

LLMs to generate natural language descriptions887

for each column. This process is performed888

once offline per database, serving to semantically889

enrich the simplified schema S ′. We denote the890

augmented simplified schema as Ŝ ′:891

Ŝ ′ =
{
LLMdesc(c)

∣∣ c ∈ S ′} (5)892

2) Question Information Augmentation Haug.893

To reduce reasoning burden, we decompose the894

user query Q to extract partial SQL components.895

We issue targeted prompts with Ŝ ′ and Q to gen-896

erate: Elements (He) (relevant tables/columns),897

Conditions (Hc) (constraints for WHERE clause),898

and Keywords (Hk) (e.g., DISTINCT, GROUP BY).899

These form the augmented context Haug:900

Haug = LLMgen(Q, Ŝ ′) (6)901

Finally, we prompt the LLM to generate a second902

candidate SQL query, denoted as SQL2, using the903

simplified schema and augmented context:904

SQL2 = LLMgen(Q, Ŝ ′, E , Haug) (7)905

The prompts for Haug and SQL2 are shown in Fig-906

ures 8,9,10,and11 .907

C Evaluation Metrics908

To rigorously evaluate the performance of the RSL-909

SQL framework, we employ a comprehensive set910

of metrics that assess both the final SQL genera-911

tion quality and the intermediate schema linking912

effectiveness.913

C.1 SQL Generation and Efficiency 914

The following metrics are used to determine the 915

correctness and execution performance of the gen- 916

erated SQL statements: 917

Execution Accuracy (EX) This metric mea- 918

sures the proportion of predicted SQL queries 919

whose execution results match the ground truth. 920

It serves as the primary indicator of the model’s 921

functional correctness. 922

Valid Efficiency Score (VES) Beyond mere cor- 923

rectness, VES assesses the relative execution ef- 924

ficiency of valid SQL queries. It is particularly 925

relevant for large-scale databases where query op- 926

timization is crucial to minimize computational 927

costs. 928

C.2 Schema Linking Effectiveness 929

To quantify the precision and recall of our bidi- 930

rectional schema linking strategy, we define the 931

following schema-level metrics: 932

Non-Strict Recall (NSR) NSR evaluates the re- 933

call of schema elements at the individual level. It is 934

defined as the ratio of successfully linked schema 935

elements to the total number of ground truth ele- 936

ments across all questions: 937

NSR =

∑n
i=1 |Sgt,i ∩ S̃i|∑n

i=1 |Sgt,i|
(8) 938

where n is the total question count, while Sgt,i and 939

S̃i denote the ground truth and linked schema ele- 940

ments for the i-th question, respectively. 941

Strict Recall Rate (SRR) SRR provides a more 942

stringent assessment by calculating the ratio of sam- 943

ples where all required schema elements are suc- 944

cessfully recalled: 945

SRR =

∑n
i=1 I(S̃i ⊇ Sgt,i)

n
(9) 946

where I(·) is the indicator function. Because miss- 947

ing a single essential column often leads to unre- 948

coverable errors in the final SQL, our framework 949

prioritizes maximizing SRR to ensure a high per- 950

formance ceiling for downstream generation. 951

D Case Study 952

Our analysis before reveals that schema linking 953

involves a fundamental trade-off between noise 954

reduction and information loss. Simplifying the 955

complete schema through schema linking has dual 956

effects: it can correct queries that were originally 957
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Figure 3: Comparison of schema linking paradigms. (a) Retrieval-based Schema Linking: Computes similarity
scores between the question and each schema element individually using a neural network. (b) Generative Schema
Linking: Prompts an LLM to directly select relevant elements from the full schema. (c) Bidirectional Schema
Linking (Ours): Combines Forward Linking (direct selection) and Backward Linking (parsing schema elements
from a preliminarily generated SQL) to maximize recall and mitigate the risk of missing necessary columns.
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Figure 4: Risk Mitigation Analysis on BIRD. Left: Comparison of bidirectional linking vs. single-directional
baselines across stages. Right: Impact of different k values in retrieval-based schema linking (Li et al., 2024b). The
selection strategy consistently buffers against recall failures.

incorrect in the complete schema (positive gain,958

denoted as y) but may also cause initially correct959

queries to become incorrect (negative impact, de-960

noted as x). Thus, the net benefit of schema link-961

ing depends on the balance between these effects.962

Schema linking yields a net positive effect only963

when y − x > 0; otherwise, it may introduce more 964

harm than benefit. 965

The RSL-SQL framework ensures the correct- 966

ness of SQL generation through contextual infor- 967

mation augmentation, and risk hedging selection 968

strategy. As shown in Figure 5, even if errors occur 969
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Question ID: 64; Database Name: california_schools (3 tables and 89 columns); Simplified 

Schema (1 table and 6 columns)

Question: What is the total number of schools with a mailing city in Hickman belonging to the 

charter number 00D4?

Gold SQL: SELECT COUNT(*) FROM schools WHERE CharterNum = '00D4' AND MailCity = 

'Hickman'

Question ID: 438; Database Name: card_games (7 tables and 117 columns);

Simplified Schema (6 table and 7 columns)

Question: Point out the language of set id "174"?

Gold SQL: SELECT language FROM set_translations WHERE id = 174

Step1: SELECT COUNT(*) AS total_schools FROM schools WHERE MailCity = 'Hickman' AND 

CharterNum = '00D4’

Step2: SELECT COUNT(*) FROM schools WHERE mailcity = 'Hickman' AND charternum = '00D4'

Step3: SELECT COUNT(*) FROM schools WHERE mailcity = 'Hickman' AND charternum = '00D4'

Step1: SELECT set_translations.language FROM set_translations INNER JOIN sets ON 

set_translations.setCode = sets.code WHERE sets.id = 174

Step2: SELECT set_translations.language FROM sets INNER JOIN set_translations ON 

sets.code = set_translations.setcode WHERE sets.id = 174

Step3: SELECT language FROM set_translations WHERE id = 174

Question ID: 86; Database Name: california_schools (3 tables and 89 columns);

Simplified Schema (1 table and 7 columns)

Question: What is the administrator's last name that oversees the school with Charter number 

40? Indicate the district, the county where the school is situated, and the name of the school.

Gold SQL: SELECT AdmLName1, District, County, School FROM schools WHERE CharterNum = '0040'

Step2: SELECT admlname1, district, county, school FROM schools WHERE charternum = '40'

Step3: SELECT admlname1, district, county, school FROM schools WHERE charternum = '0040'

Step1: SELECT admlname1, district, county, school FROM schools WHERE charternum = '0040'

Question ID: 1022; Database Name: european_football_2 (8 tables and 201 columns); 

Simplified Schema (7 table and 13 columns)

Question: What is the preferred foot when attacking of the player with the lowest potential?

Gold SQL: SELECT preferred_foot FROM Player_Attributes WHERE potential IS NOT NULL 

ORDER BY potential ASC LIMIT 1

Step1: SELECT preferred_foot FROM Player_Attributes ORDER BY potential ASC LIMIT 1

Step2: SELECT preferred_foot FROM player_attributes WHERE potential = (SELECT 

MIN(potential) FROM player_attributes)

Step3: SELECT preferred_foot FROM player_attributes WHERE potential = (SELECT 

MIN(potential) FROM player_attributes)

Figure 5: Four Examples Demonstrating the Robustness of Our Framework.

in earlier steps, the subsequent steps can correct970

these errors and improve SQL accuracy through971

specific methods.972

The core of the framework lies in Step 2: Con-973

textual Information Augmentation and Step 3: Risk974

Hedging Selection Strategy. To illustrate more in-975

tuitively how contextual information augmentation976

enhances performance by increasing positive gain977

and how risk hedging selection strategy mitigates978

risks by reducing negative impact, we have selected979

two representative examples to demonstrate their980

underlying mechanisms in detail.981

D.1 Maximize Positive Gain982

The description of each column is undoubtedly983

useful because it helps LLM understand the spe-984

cific meaning of each column and build a mapping985

relationship between user questions and columns.986

The textual information generated by LLM covers987

database elements, SQL keywords, and query con-988

ditions. Among them, the further filtered database989

elements can guide LLM to focus on elements that990

are more likely to be used; the generated SQL key-991

words can remind LLM of critical but often over-992

looked constraints; the generated conditions are993

obtained from the user which is obtained by de-994

composing the problem can help LLM solve the995

problem step by step in a more orderly manner.996

With this enhanced information, LLM is able to997

focus more attention on key parts that were previ-998

ously under-focused, thereby significantly increas-999

ing positive gain. For example, the following is an1000

example in BIRD,1001

Question: 1002

What is the preferred foot when attacking of the 1003

player with 1004

the lowest potential? 1005

Contextual Information: 1006

Elements: 1007

[player_attributes.potential] 1008

[player_attributes.preferred_foot] 1009

Key Words: [‘MIN’, ‘=’] 1010

Conditions: 1011

[‘preferred foot when attacking’] 1012

[‘player with the lowest potential’] 1013

✗ SQL1 Genereted in Step 1: 1014

SELECT preferred_foot 1015

FROM Player_Attributes 1016

ORDER BY potential ASC 1017

LIMIT 1 1018

✓ SQL2 Generated in Step 2: 1019

SELECT preferred_foot 1020

FROM player_attributes 1021

WHERE potential = ( 1022

SELECT MIN(potential) 1023

FROM player_attributes 1024

) 1025

In this example, the incorrect generation of SQL1 1026

stems from failing to account for parallel condi- 1027

tions, leading to an initial SQL with deviations. 1028

The generated textual information comprehensively 1029

covered the critical columns required for SQL gen- 1030

eration, and the inclusion of the keyword ‘MIN’ 1031

explicitly indicated the possibility of parallel condi- 1032

tions. This supplementary information enabled the 1033

LLM to better grasp the semantic nuances of the 1034
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query and the structure of the database, effectively1035

guiding it to produce the correct SQL.1036

D.2 Minimize Negative Impact1037

The risk hedging selection strategy is a pivotal step1038

in our approach. By choosing the more accurate1039

SQL from the two statements generated using the1040

complete schema and the simplified schema, re-1041

spectively, this strategy strikes a balance between1042

preserving schema completeness and minimizing1043

noise. An illustrative example is provided below,1044

Question:1045

Is molecule TR151 carcinogenic?1046

✓ SQL1 Generated in Step 1:1047

SELECT label1048

FROM molecule1049

WHERE molecule_id = ‘TR151’1050

✗ SQL2 Generated in Step 2:1051

SELECT label1052

FROM molecule1053

WHERE molecule_id = ‘TR151’1054

AND label = ‘+’1055

SQL execution results:1056

SQL1 execution results:1057

[Row_count, Column_count] = [1, 1]1058

[Result] = [(‘-’,)]1059

SQL2 execution results:1060

[Row_count, Column_count] = [0, 0]1061

[Result] = []1062

✓ SQL3 Selected in Step 3:1063

SELECT label1064

FROM molecule1065

WHERE molecule_id = ‘TR151’1066

Introducing new components in Step 2 may in-1067

evitably lead to some originally correct SQL state-1068

ments being modified incorrectly. However, our1069

risk hedging selection strategy minimizes this neg-1070

ative impact as much as possible. By incorporat-1071

ing execution information, the strategy enables the1072

LLM to further analyze the candidate results, facili-1073

tating a more accurate selection of the correct SQL1074

and significantly reducing associated risks.1075

E Prompt1076

E.1 Prompt Construction1077

In this section, we describe the construction of our1078

prompt, which consists of the user’s question Q,1079

value samples, and few-shot demonstrations E . A1080

concrete example illustrating how these compo-1081

nents are structured in the LLM prompt is shown1082

in Figure 6.1083

User’s Question Q For the BIRD benchmark (Li 1084

et al., 2024c), the user question is merged with 1085

its corresponding evidence (e.g., domain-specific 1086

definitions or formula explanations) to form a com- 1087

plete query. For the Spider benchmark (Yu et al., 1088

2018), we directly utilize the original question as 1089

no additional evidence is available. 1090

Value Samples To assist the model in understand- 1091

ing the database content, we randomly select 5 1092

rows from each table as samples. To ensure prompt 1093

conciseness and prevent lengthy text fields from 1094

cluttering the schema, any column value exceeding 1095

50 characters is truncated using an ellipsis marker 1096

("[...]"). 1097

Few-shot Demonstrations E We employ bge- 1098

large-zh (Chen et al., 2024), a dual-encoder re- 1099

triever, to obtain the top-3 most semantically sim- 1100

ilar questions from the training set. The retrieval 1101

process calculates the cosine similarity between the 1102

embeddings of the user question Q and the training 1103

questions, where each retrieved example includes 1104

both the question and its ground-truth SQL query. 1105

E.2 Prompt Templates 1106

In this section we provide the exact prompts that 1107

have been used for each of the sub-modules in our 1108

framework. 1109
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Detailed Prompt Engineering Example

Database Schema
• Table frpm:

- (Column Name: CDSCode; Sample Value: [01100170109835, 01100170112607]; Column Description: The
CDSCode column represents the unique identifier for each school; Primary Key; Foreign Key references Table
schools(CDSCode); 0% missing value)
- (Column Name: Free Meal Count (K-12); Sample Value: [565.0, 186.0]; Column Description: number of free
meals provided; eligible free rate = Free Meal Count / Enrollment; 0.56% missing value)
- ...

• Table satscores:
- (Column Name: cds; Sample Value: [1100170000000, 1100170109835]; Column Description: refers to
California Department Schools; Primary Key; Foreign Key references Table schools(CDSCode); 0% missing value)
- ...

• Table schools:
- (Column Name: CDSCode; Sample Value: [01100170000000...]; Column Description: unique identifier for
each school in California; Primary Key; 0% missing value)

Few Shot
• Question 1: What is the average total donations received by Fresno County colleges?

SQL 1: SELECT SUM(T2.donation_optional_support + T2.donation_to_project) / COUNT(donationid)
FROM projects AS T1 INNER JOIN donations AS T2 ON T1.projectid = T2.projectid WHERE
T1.school_county = ’Fresno’

• Question 2: How many schools in the West New York School District have the highest poverty level?
SQL 2: SELECT COUNT(poverty_level) FROM projects WHERE school_district = ’West New York School
District’ AND poverty_level = ’highest poverty’

User Question
• Question: What is the highest eligible free rate for K-12 students in the schools in Alameda County?

Context: Eligible free rate for K-12 = ’Free Meal Count (K-12) / Enrollment (K-12)’

Figure 6: Organization of Elements in the Prompt

Templates for Generating SQL1 Queries

### Instruction:
You are an intelligent agent responsible for identifying the database tables.Your main tasks are:

• Generate SQL statements
• Return the results in json format, the format is: {

"sql": "SQL statement that meets the user’s question requirements"
}

### Input:
• Few-shot Examples (E)
• Complete Database Schema (S)
• User Question (Q)

### Note:
• In the generated SQL statement, table names and field names need to be enclosed in backticks, such as ‘ta-

ble_name’, ‘column_name’.

Figure 7: Templates for SQL Generation: SQL1.
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Templates for Generating SQL2 Queries

### Instruction:
You are an intelligent agent responsible for identifying the database tables.Your main tasks are:

• Generate SQL statements
• Return the results in json format, the format is: {

"sql": "SQL statement that meets the user’s question requirements"
}

### Input:
• Few-shot Examples (E)
• Simplified Database Schema (Ŝ ′ (with Schema Description))
• User Question (Q)
• Augmented Context for User’s Question Haug

### Note:
• In the generated SQL statement, table names and field names need to be enclosed in backticks, such as ‘ta-

ble_name’, ‘column_name’.

Figure 8: Templates for SQL Generation: SQL2.

Template for Table and Column Selection Process

### Instruction:
You are an intelligent agent responsible for identifying the database tables.Your main tasks are:

• Identify relevant tables
• Identify relevant columns
• Return the results in json format, the format is: {

"tables": ["table1", "table2", ...],
"columns":["table1.‘column1’","table2.‘column2’",...]
}

### Input:
• Database Schema (S/Ŝ ′)
• User Question (Q)

### Note:
• Ensure that all possible intermediate tables are considered, especially tables involving many-to-many relationships.
• Ensure that the output table list is unique and without duplicates.

Figure 9: Template for Table and Column Selection Using LLM to Identify Relevant Tables and Columns.

Template for Question Decomposition

### Instruction:
You are an intelligent agent responsible for identifying the conditions in the user’s question.Your main tasks are:

• Understand the user’s question
• Identify conditions
• Return the results in json format, the format is: {

"conditions": ["condition1", "condition2", ...]
}

### Input:
• User Question (Q)

### Note:
• Ensure that all conditions in the user’s question are correctly extracted and understood.
• If the user’s question contains complex conditions or multiple relationships, please make a reasonable judgment

based on the context.

Figure 10: Template for Using LLM to Analyze Questions and Identify Possible Conditions for the WHERE Clause.
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Template for Generation of SQL Keywords

### Instruction:
You are an AI tasked with determining whether SQL statements need to use the following keywords:‘DISTINCT‘, fuzzy
matching, exact matching, ‘INTERSECT‘, ‘UNION‘, etc. Your main tasks are:

• Understand the user’s question
• Determine keywords
• Return the results in json format, the format is: {

"sql_keywords": ["keyword1", "keyword2", ...]
}

### Input:
• Simplified Database Schema (Ŝ ′)
• User Question (Q)

### Note:
• Ensure that you understand the query requirements in user questions to accurately suggest SQL keywords and

operations.
• Based on database structure and sample data, make reasonable judgments on whether specific SQL keywords or

operations are needed.

Figure 11: Template for Using LLMs to Analyze Questions and Database Schemas for Extracting Relevant SQL
Keywords (e.g., DISTINCT, GROUP BY).

Template for Binary Selection Strategy

### Instruction:
• Synthesize a new SQL query, which can be the better query between SQL1 and SQL2, or a complete new query if

both candidates are considered flawed.
• Return the results in json format, the format is: {

"sql": "...",# your SQL query
}

### Input:
• Simplified Database Schema (Ŝ ′)
• User Question (Q)
• SQL1 and Execution ResultsR1

• SQL2 and Execution ResultsR2

### Note:
• In the selected SQL statement, table names and field names need to be enclosed in backticks, such as ‘table_name’,

‘column_name’.

Figure 12: Selection Template for Optimal SQL Statement Based on Execution Results of SQL1 and SQL2, Balancing
Redundancy and Completeness.
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