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Abstract001

Text-to-SQL enables natural language access to002
databases and commonly relies on query rewrit-003
ing to resolve ambiguity in user queries. As004
such systems increasingly operate over sen-005
sitive data, protecting query privacy has be-006
come a practical concern. A natural approach007
is to apply differential privacy (DP) on top of008
existing systems by adding noise to query re-009
sults. However, under DP constraints, making010
queries clearer through rewriting inadvertently011
increases the effective sensitivity of query re-012
sults, thereby requiring stronger noise addition013
and negating utility gains. To address this chal-014
lenge, we propose ReGuard, a utility-aware015
Text-to-DP-SQL system that regulates query016
rewriting and jointly optimizes rewriting and017
DP-based query answering. ReGuard is built018
upon three key design modules: i) rewriting019
boundary control to limit sensitivity amplifica-020
tion, ii) status-aware decision routing to adapt021
rewriting under evolving privacy–utility con-022
ditions, and iii) DP-aware Answering to bal-023
ance DP noise and result quality. Extensive ex-024
periments show that ReGuard consistently im-025
proves query answer quality under identical DP026
constraints and remains effective across a wide027
range of privacy budgets and query sensitivi-028
ties. In particular, ReGuard reduces the mean029
relative error (MRE) by up to 74.6% compared030
to existing DP-enabled Text-to-SQL baselines.031

1 Introduction032

Driven by recent advances in large language mod-033

els (LLMs), Text-to-SQL is rapidly emerging as a034

mainstream paradigm for database access through035

open-ended natural language interfaces. By auto-036

matically translating natural-language inputs into037

executable SQL, Text-to-SQL systems enable non-038

expert users to query databases without writing039

structured SQL queries. (Wang et al., 2025; Li040

et al., 2024). While this paradigm substantially041

lowers the barrier to data access, it fundamentally042
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cohort and thus its sensitivity. As illustrated, (b) may
incur a higher sensitivity and require larger DP noise
than (a), yielding a less accurate answer, even though
the raw answer could be the same as (c).

alters how query intent is specified, introducing 043

ambiguity into query semantics. For example, 044

natural-language queries may omit critical con- 045

straints, such as temporal scopes or precise entities, 046

resulting in multiple plausible SQL interpretations. 047

Consequently, to improve practical reliability, re- 048

cent work has increasingly relied on query rewrit- 049

ing and reformulation for Text-to-SQL (Xiao et al., 050

2022; Huang et al., 2025; Mao et al., 2024), making 051

query intent more explicit prior to SQL generation. 052

While effective at improving executability and am- 053

biguity resolution, query rewriting has become a 054

core component of modern Text-to-SQL systems, 055

fundamentally shaping how queries are interpreted 056

and executed in practice. 057

As a core component that shapes query execu- 058

tion, query rewriting not only affects accuracy but 059

also interacts with system-level requirements such 060
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as privacy preservation. In particular, when Text-061

to-SQL systems are deployed over databases con-062

taining sensitive personal or proprietary records,063

protecting query answers becomes a practical re-064

quirement alongside query performance. A natural065

and widely adopted approach to enforcing such066

privacy constraints is differential privacy (DP) (Mc-067

Cartan et al., 2023; Google Cloud, 2023), which068

provides rigorous disclosure guarantees by adding069

noise to query answers. Under DP, the magnitude070

of added noise is calibrated to the query sensitivity,071

a key factor that determines how much information072

about individual records may be revealed (Dwork,073

2006; El Ouadrhiri and Abdelhadi, 2022). In con-074

ventional SQL systems, DP mechanisms are typi-075

cally applied to fixed query workloads, assuming076

that query semantics and sensitivity are determined077

prior to noise injection.078

However, integrating DP into Text-to-SQL is079

non-trivial. Rewritten text often increases query080

clarity by introducing finer-grained predicates, nar-081

rower conditions, or more precise targets (Xiao082

et al., 2022; Mao et al., 2024; Chai et al., 2023),083

which directly amplifies the privacy risk of the084

query. As a consequence, DP mechanisms must085

react more aggressively (e.g., by injecting larger086

noise). In other words, gains from rewriting can087

be offset by stronger DP mechanisms, so rewriting088

may fail to improve and even reduce query per-089

formance in certain cases. As shown in Figure 1,090

query rewriting fundamentally influences not only091

query text but also the amount of noise required and092

the utility of the released answers; a phenomenon093

that is consistently observed in our empirical eval-094

uation, as detailed in Section 4.2. Despite this095

influence, how query rewriting affects DP noise096

and utility has not been explicitly considered in097

existing Text-to-SQL pipelines, leaving utility opti-098

mization under DP constraints largely unexplored.099

Bridging this gap is crucial for safely and effec-100

tively enabling Text-to-SQL access to databases101

protected by differential privacy.102

Motivated by these observations, we identify a103

previously unstudied problem at the intersection104

of semantic query rewriting and differential pri-105

vacy. We formalize this problem setting as Text-to-106

DP-SQL. Specifically, in this setting, we consider107

the following problem: given a natural-language108

query and a space of rewriting strategies, how can109

rewriting and DP-based query answering be jointly110

optimized to maximize utility under privacy con-111

straints? To address this problem, we propose112

ReGuard, a utility-aware Text-to-DP-SQL system 113

built upon a key insight: the sensitivity increase 114

induced by query rewriting is not monolithic, but 115

arises from fundamentally different sources. Ac- 116

cordingly, ReGuard decomposes rewriting-induced 117

sensitivity changes into two distinct categories. The 118

first captures sensitivity shifts caused by semantic 119

deviations introduced by rewriting strategies, while 120

the second reflects sensitivity variations inherent 121

to the underlying data distribution. This decom- 122

position enables ReGuard to reason about rewrit- 123

ing decisions and DP noise in a fine-grained and 124

principled manner. To control sensitivity ampli- 125

fication caused by semantic rewriting, ReGuard 126

introduces a Rewriting Boundary Control mod- 127

ule that explicitly constrains the extent of permis- 128

sible rewriting, which regulates rewriting granu- 129

larity to prevent excessive sensitivity growth. To 130

account for sensitivity variations driven by data 131

distribution, ReGuard incorporates a Status-aware 132

Decision Routing module that conditions rewrit- 133

ing decisions on the current privacy–utility status. 134

Finally, to ensure that rewriting decisions trans- 135

late into actual utility improvements under DP, Re- 136

Guard employs a DP-aware Answering module 137

that evaluates the decision gain and dynamically 138

adopts the decisions. Our contributions are summa- 139

rized as follows: 140

• We formalize a new problem setting, Text- 141

to-DP-SQL, which integrates Text-to-SQL 142

with differential privacy, and identify a funda- 143

mental challenge unique to this setting: query 144

rewriting and DP-induced noise are inherently 145

coupled due to open-ended natural-language 146

inputs. 147

• We propose ReGuard, a utility-aware Text- 148

to-DP-SQL system that resolves this chal- 149

lenge by explicitly disentangling rewriting- 150

induced sensitivity effects and jointly optimiz- 151

ing rewriting decisions and DP-based query 152

answering through three principled modules. 153

• We conduct extensive experiments on public 154

benchmarks, demonstrating that ReGuard con- 155

sistently improves answer utility under DP 156

constraints. In particular, ReGuard achieves 157

up to a 74.6% relative reduction in MRE and 158

a 15.2% relative improvement in compliance 159

compared to DP-enabled Text-to-SQL base- 160

lines that directly apply DP mechanisms. 161
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Figure 2: Architecture of ReGuard.

2 Preliminaries and Related Work162

2.1 Preliminaries163

Text-to-SQL. Let a Text-to-SQL model be g :164

T × S → Q, where T is the space of natural-165

language queries, Q is the space of executable SQL166

queries, and S denotes the database schema (option-167

ally with external knowledge). Given a user query168

t ∈ T , the model generates q = g(t, S). Executing169

q on database D returns the answer y = fq(D).170

Differential Privacy for SQL. We adopt record-171

level adjacency: two databases D and D′ are adja-172

cent (i.e., D ∼ D′) if they differ in a single record.173

A randomized mechanism M satisfies (ε, δ)-DP if174

for any adjacent D ∼ D′ and any output set O,175

Pr[M(D) ∈ O] ≤ eε Pr[M(D′) ∈ O] + δ. (1)176

In practice, a noisy answer released by M is asso-177

ciated with the query sensitivity ∆, which reflects178

the maximum change in the query output between179

two adjacent databases differing in one record, and180

thus serves as a key driver of privacy risk under DP.181

In this paper, we use the Gaussian mechanism (see182

Appendix A.1) to implement (ε, δ)-DP. Accord-183

ingly, we provide an explanation in Appendix A.2184

of how queries influence ∆ and the noise magni-185

tude by the mechanism, and provide the privacy186

analysis of our system in Appendix A.3.187

2.2 Differentially Private Query Answering188

DP query answering systems release an approxi-189

mate answer by injecting noise into the database190

result (Dwork et al., 2014). A line of database re- 191

search has developed general-purpose DP query 192

processing for relational workloads. For example, 193

DOP-SQL (Yu et al., 2024) is a private SQL sys- 194

tem designed to support a broad class of relational 195

queries with high utility and extensibility. More 196

recently, continual observation under DP has also 197

been studied for relational operators such as joins, 198

enabling repeated releases over time with improved 199

accuracy guarantees (Dong et al., 2024). These DP 200

query answering systems typically need to restrict 201

users to a supported class of statistical queries (e.g., 202

counts) (Dong et al., 2023; Stoisser et al., 2025). 203

2.3 Query Rewriting in Text-to-SQL 204

Query rewriting has been used for multiple objec- 205

tives in Text-to-SQL, most prominently to improve 206

task performance and robustness (e.g., disambigua- 207

tion, completion, and schema/value grounding). 208

For example, DART-SQL rewrites questions us- 209

ing database content to reduce ambiguity and fur- 210

ther refines SQL with execution feedback (Mao 211

et al., 2024), while MQA-SQL generates multiple 212

rephrased variants and aggregates candidates based 213

on consistency signals (Huang et al., 2025). Be- 214

sides, rewriting and related mechanisms are also 215

introduced to satisfy interface or application con- 216

straints. For example, STEPS (Tian et al., 2023) 217

provides controllable intermediate explanations 218

that users can validate and edit during SQL gener- 219

ation. LITHE (Dharwada et al., 2025) provides a 220

rule-guided query rewriting with safeguards to en- 221

force semantic correctness. More recently, SAFEN- 222

LIDB (Liu et al., 2025b) aligns LLM-based NLIDB 223
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with privacy-security preferences via synthesized224

security-reasoning interactions. Rewriting modifi-225

cations can reshape what is being released, which226

in turn affects downstream DP mechanisms (e.g.,227

sensitivity and the required noise). Existing works228

have not discussed this issue. We highlight and229

model this interaction influence, offering impli-230

cations for deploying Text-to-SQL interfaces in231

privacy-preserving data systems.232

3 ReGuard233

Text-to-DP-SQL. In the differential privacy234

(DP)–based Text-to-SQL, the system ensures data235

privacy by releasing a perturbed query result y =236

fq(D):237

ŷ = M(y; ε, δ) , (2)238

We call the DP-extended Text-to-SQL as Text-to-239

DP-SQL.240

Problem Definition. We consider a deployment241

setting in which users only observe the final an-242

swers released by a DP mechanism. For each243

natural-language query t, a database owner speci-244

fies a constrained rewriting space G(t) ⊆ T , where245

t ∈ G(t), reflecting admissible rewrites under ac-246

curacy, safety, and disclosure requirements.247

Given t, the system selects a rewritten query248

t′ ∈ G(t), which can be expressed as249

t′ = ϕ(t;G, h), (3)250

where ϕ denotes a rewriting strategy parameter-251

ized by contextual information h. The rewritten252

query t′ is then translated into an executable SQL253

query q′ = g(t′, S) over schema S, producing a254

true query answer y = fq′(D) on database D. Fi-255

nally, a DP mechanism is applied to y to generate256

the released answer observed by the user. Unlike257

conventional Text-to-SQL systems, a Text-to-DP-258

SQL system must account for how query rewriting259

affects query sensitivity under DP. Given a natural-260

language query t and its admissible rewriting space261

G(t), our goal is to design a principled answering262

system that generates a rewritten query t′ ∈ G(t)263

to maximize overall utility under DP constraints.264

This objective can be formulated as:265

max
t′∈G(t)

U(t′, t, S,D)

s.t. M(·; t′) is an (ε, δ)-DP mechanism.
(4)266

Here, U(·) denotes a composite utility function267

that captures multiple aspects of utility, including268

fidelity to the original query intent and robustness 269

to DP-induced noise. The concrete instantiations 270

of U(·) are introduced in Section 4. 271

Overview. Figure 2 illustrates the architecture 272

of ReGuard, which leverages an LLM to optimize 273

rewriting and DP release decisions via Direct Pref- 274

erence Optimization (DPO) jointly. We identify 275

two primary sources of utility degradation under 276

DP: (i) excessive semantic deviation introduced by 277

aggressive rewriting, which increases query speci- 278

ficity and can amplify sensitivity and the required 279

noise; and (ii) sensitivity fluctuations that arise 280

even under mild semantic changes due to database 281

distribution, making the noise scale unstable. 282

In the fine-tuning phase, (a) Rewriting Bound- 283

ary Control trains the model to perform sensitivity- 284

aware query rewriting. Specifically, we categorize 285

rewrite operations into different sensitivity-impact 286

levels (e.g., L1/L2), reflecting the extent to which 287

a rewrite amplifies query sensitivity under DP. This 288

categorization allows the model to distinguish be- 289

tween mild refinements and aggressive rewrites, 290

and to internalize bounded rewriting behaviors. Op- 291

timized via DPO, the model is guided to prefer 292

beneficial rewrites while avoiding over-aggressive 293

refinements, thereby alleviating the source (i). (b) 294

Status-aware Decision Routing trains the model 295

to adaptively choose between rewriting a new query 296

and reusing a compatible historical query based on 297

the current runtime privacy-utility status. By sub- 298

stituting a new query with a suitable historical one, 299

the system can avoid answering queries under un- 300

stable or excessively high DP noise. Optimized via 301

a second-stage DPO, the model learns to leverage 302

status information to route each query to the action 303

with the highest expected utility under DP, thereby 304

alleviating the source (ii). 305

In the deployment phase, (c) DP-aware Answer- 306

ing further chooses answering release mode be- 307

tween LLM-based and direct answering under DP 308

by comparing utility gains and release error, which 309

improves the robustness of the final release answer. 310

3.1 Rewriting Boundary Control 311

Even small textual refinements could affect query 312

sensitivity and, consequently, the amount of DP 313

noise required. We regulate the extent of text 314

modifications by explicitly stratifying permissi- 315

ble rewriting strategies according to how they alter 316

the executed query, and select the least-invasive 317

strategy that satisfies the rewriting requirements. 318
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Strategy Stratification. Permissible rewriting319

strategies are categorized into two atomic levels320

based on the scope of semantic change and the321

resulting sensitivity impact.322

One is L1-level (Condition Rewriting) that con-323

tains the rewriting strategies only adjusting query324

predicates or filters, such as bucketization, canoni-325

calization, or range relaxation, while preserving the326

target statistic and overall query intent. The other327

is L2-level (Semantic Rewriting) that contains328

the rewriting strategies modifying the core query329

semantics, such as enforcing aggregation or cohort-330

ing, substituting the target statistic, or restricting331

join paths—to meet disclosure constraints.332

This stratification reflects that different rewriting333

strategies affect a query to different extents. L1-334

level strategies primarily adjust cohort definition335

and selectivity, whereas L2-level strategies could336

additionally change what is being measured (e.g.,337

target statistic). Such changes can often induce338

larger and more variable sensitivity under DP.339

Strategy Selection and Rewriting. We further340

leverage an LLM to analyze each query and per-341

form the appropriate rewriting operation accord-342

ing to the predefined stratification through DPO.343

Specifically, we first generate a diverse natural-344

language raw corpus across multiple domains. For345

each query, we then produce two minimally compli-346

ant rewrite candidates, one following the L1-level347

and the other following the L2-level to generate a348

preference corpus. We then construct two types of349

pair for DPO. Boundary-contrast pairs encourage350

the model to distinguish and choose appropriate351

strategies, while quality-preference pairs encourage352

the model to generate high-quality rewrites within353

each level. Details of the data generation procedure354

and prompts are provided in Appendix B.1.355

3.2 Status-aware Decision Routing356

Beyond errors induced by rewriting itself, the data357

distribution can also introduce sensitivity instabil-358

ity: query sensitivity could fluctuate due to join359

paths or other SQL conditions. A straightforward360

remedy is to iteratively rewrite high-sensitivity361

queries until finding a suitable variant, which could362

incur unpredictable computation and latency.363

Instead, we draw inspiration from DP-based data364

stream release mechanisms (Ren et al., 2022) and365

prior Text-to-SQL systems that leverage contex-366

tual information (Liu et al., 2025a; Zhang et al.,367

2024; Pourreza and Rafiei, 2023). We adopt a sim-368

ple yet efficient strategy: when rewriting would 369

significantly increase sensitivity, we require the 370

LLM to determine whether a substitutable histor- 371

ical query with low sensitivity exists. While this 372

reuse strategy offers the LLM an end-to-end query 373

rewriting and sensitivity adaptation capability, it 374

requires providing sufficient decision context and 375

explicitly specifying the decision criterion (e.g., 376

how to select the best candidate) to guide the LLM. 377

Decision Context. We provide the LLM with a 378

structured status information. Specifically, we 379

first supply database context, including field-level 380

schemas and a small number of sampled rows per 381

table, to constrain the feasible rewrite content. To 382

support LLM substitution judgment, we then in- 383

corporate the current query along with its DP ex- 384

pected error as environment context. Rather than 385

exposing raw continuous values, we discretize the 386

expected noise into ordinal bands to improve judg- 387

ment stability. Finally, we maintain a cache of 388

recent query–expected error pairs (query, error) 389

and retrieve the top-n most semantically similar 390

historical records for the current query. These com- 391

ponents are encoded in a status prompt that guides 392

the model’s decision. 393

Decision Criterion. Based on the above analy- 394

sis, we define the LLM decision space including 395

three actions: (i) direct answering by applying the 396

DP mechanism to the current query, (ii) rewrit- 397

ing followed by DP answering, and (iii) history 398

reuse by substituting the current query with a his- 399

torical query. However, it is hard to describe the 400

decision criterion of these three ways at a specific 401

prompt, since it involves balancing multiple (e.g., 402

DP-induced error) competing factors under com- 403

plex status information. To operationalize this crite- 404

rion, we continue to embed the criterion implicitly 405

through DPO. 406

Specifically, we generate a series of simulated 407

queries (see Appendix C.2 for the construction pro- 408

cess) for the DPO preference-pair dataset. To en- 409

sure comparability among all actions, we ask the 410

LLM with the status prompt to select one action 411

from the space as the anchor decision for each 412

query. Then, we generate the remaining candi- 413

date decisions for comparison: (i) if LLM decision 414

does not select the rewriting action, we generate a 415

rewrite candidate according to rewriting action; (ii) 416

if LLM decision does not select the history reuse ac- 417

tion, we generate a rewrite candidate by sampling 418

a random entry from the history cache; (iii) if LLM 419
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decision does not select the direct answering action,420

we create a default candidate according to direct421

answering action. Details on the construction of422

the status prompt, the generation of the rewrite423

candidate are provided in the appendix B.2.1.424

Then, we compute a joint utility score for each425

candidate decision:426

R = Rcom +Rsim +Rerr. (5)427

Rcom reflects compliance of a rewritten query. Rint428

reflects the intention deviation, and is computed as429

follows,430

Rint = cos(emb(t), emb(t′)), (6)431

where cos(·) is the cosine similarity function.432

emb(t) and emb(t′) denote the embedding of the433

original query t and the rewritten query t′, respec-434

tively. Rerr discretize the expected error into k435

levels and assign a score accordingly:436

Rerr = s⊤1ℓ(et′ ), (7)437

where s = {s1, s2, ...sk} and ℓ(et′) ∈ {1, . . . , k}438

maps the expected error et′ of t′ to its discretized439

level score, and 1ℓ(et′ ) ∈ {0, 1}k is the correspond-440

ing one-hot indicator. Finally, we select the highest-441

scoring and lowest-scoring candidates to form a de-442

cision preference pair. Details on the computation443

of Rcom, Rerr and expected error are provided in444

the appendix B.2.2.445

3.3 DP-aware Answering446

LLM decisions are driven by learned preferences447

rather than a precise sensitivity calculation, which448

could occasionally trigger decisions with no ef-449

fectiveness. Therefore, we introduce a calibration450

step in the actual query answering to compare and451

select between the two answering release modes:452

(i) Direct Answering, release following the direct453

answering action, which incurs the error cost in-454

duced by noise; and (ii) LLM-based Answering,455

release following the LLM decision, which obtains456

the gain from rewriting or history reuse.457

Cost of Direct Answering. The error cost of Di-458

rect Answering is measured by:459

C =
|yt − ŷt|

yt
, (8)460

where yt and ŷt is the raw answer and perturbed461

answer of t from Direct Answering, respectively.462

Equation 8 captures the relative error between the463

raw answer and the perturbed answer.464

Gain of LLM-based Answering. The gain is mea- 465

sured by: 466

G = λBsaved(t) + η
R(t′)−R(t)

R(t)
, (9) 467

where Bsaved(t) is the privacy budget saved by his- 468

tory reuse (and is 0 if history is not reused), repre- 469

senting the contribution to the cost savings, which 470

is meaningful for budget-limited scenarios. R(·) 471

denotes the utility score calculated by Equation (5), 472
R(t′)−R(t)

R(t) captures the relative improvement of the 473

score introduced by the LLM decision, and λ, η are 474

weighting coefficients. The selection follows rule: 475

D(t) =

{
Direct Answer, if C ≥ G,

LLM-based Answer, otherwise.
(10) 476

4 Experiments 477

4.1 Settings 478

Datasets. We evaluate our approach on three 479

datasets. Spider (Yu et al., 2018) and BIRD (Li 480

et al., 2023) are cross-domain Text-to-SQL bench- 481

marks with multi-table schemas and complex SQL 482

queries. Adult (Becker and Kohavi, 1996) is a 483

classic tabular dataset with sensitive demographic 484

and income attributes. For detailed construction 485

procedures of rewriting workload for DP-based 486

evaluation and usage settings of the dataset, please 487

refer to Appendix C.1. 488

Evaluation Metrics. Execution accuracy (EX) 489

is no longer a sufficient metric, as DP introduces 490

noise. We therefore replace EX with two comple- 491

mentary DP-aware metrics: (i) Compliance Score 492

(CS), which measures whether the released query 493

satisfies prescribed rewriting rules, and (ii) Mean- 494

relative error (MRE), which quantify the utility loss 495

of DP-released results relative to the true answers. 496

Apart from that, Semantic Similarity (SS) quanti- 497

fies the semantic faithfulness of rewriting by cosine 498

similarity. Adoption Rate (AR) reports the adoption 499

rate of LLM interventions for methods with a pos- 500

terior selection step. Budget Usage (BU) reports 501

the fraction of the total privacy budget consumed, 502

representing the utilization of budget. 503

Baseline Comparison. We adpot the following 504

for comparison, including: (i) Direct-DP that ap- 505

plies the DP mechanism directly to the SQL re- 506

sult generated from the original query, reflecting 507

the most common deployment in the Text-to-SQL 508
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Method Adult Spider BIRD
MRE↓ CS↑ SS↑ BU↑ AR∼ MRE↓ CS↑ SS↑ BU↑ AR∼ MRE↓ CS↑ SS↑ BU↑ AR∼

Direct-DP 7.96 0.46 - - - 28.91 0.48 - - - 10.92 0.49 - - -
Compliance-DP 7.68 0.41 0.92 - - 15.60 0.45 0.90 - - 11.61 0.45 0.90 - -
SimHist-DP 9.73 0.48 0.90 - 0.70 34.52 0.50 0.91 - 0.77 14.43 0.51 0.90 - 0.73
Llama-8B 4.39 0.47 0.94 0.03 0.97 17.07 0.51 0.93 0.01 0.99 17.83 0.48 0.94 0.08 0.98
Mistral-7B 3.08 0.47 0.95 0.01 0.18 8.79 0.49 0.97 0.01 0.20 12.19 0.50 0.96 0.02 0.16
GPT-5.2 3.07 0.48 0.91 0.01 0.99 7.87 0.51 0.94 0.02 0.91 12.23 0.52 0.96 0.01 0.92
Gemini-3-Pro 4.28 0.49 0.93 0.01 0.99 7.66 0.52 0.96 0.01 0.97 12.06 0.52 0.94 0.02 0.99

ReGuard 2.63 0.53 0.96 0.26 0.40 7.34 0.56 0.97 0.16 0.30 10.63 0.55 0.98 0.12 0.27

Table 1: Overall performance of different methods on the three datasets. ↑ / ↓ indicate better direction; ∼ denotes
descriptive metrics.

tasks; (ii) Compliance-DP that rewrites t into509

a compliant query under the prescribed L1/L2510

restriction, and then apply the DP mechanism;511

(iii) SimHist-DP that retrieves the most similar512

candidate from the release history using cosine513

similarity(≥ 0.8) or it falls back to Compliance-514

DP; and (iv) LLM-Policy that prompts an LLM to515

output a decision conditioned on the status prompt,516

and then execute the DP release accordingly, which517

contains models: two open-source instruction-518

tuned LLMs, Meta-Llama-3.1-8B-Instruct (Llama-519

8B) and Mistral-7B-Instruct-v0.3 (Mistral-7B), and520

two commercial closed-source general-purpose521

LLMs, GPT-5.2 and Gemini-3-Pro.522

In ReGuard, we use Qwen2.5-7B-Instruct as the523

backbone model and conduct two-stage DPO fine-524

tuning. Details of the metric implementation and525

hyperparameters are provided in Appendix C.3.526

4.2 Overall Performance527

Accuracy. Table 1 summarizes the overall perfor-528

mance of different methods across three datasets.529

Across all three datasets, our framework consis-530

tently achieves the lowest MRE. On Adult, Re-531

Guard reduces MRE to 2.63, corresponding to a532

67.0% relative reduction compared to Direct-DP533

(7.96) and it also improves upon strong LLM-based534

policies. Similar trends are observed on Spider and535

BIRD, where ReGuard consistently achieves the536

lowest MRE, with relative reductions of up to 75%537

on Spider compared to direct DP baselines.538

Preference Compliance and Semantic Preser-539

vation. Beyond accuracy, ReGuard consistently540

achieves the highest CS across all datasets. On541

Adult, ReGuard improves CS to 0.53, correspond-542

ing to a 15.2% relative gain over Direct-DP and a543

29% gain over Compliance-DP. Similar improve-544

ments are observed on Spider and BIRD. Mean-545

while, semantic similarity (SS) remains consis-546

ReGuard Llama-8B Mistral-7B GPT-5.2 Gemini-3-Pro
0.0

0.2

0.4

0.6

0.8

1.0

Ra
tio

No intervention Rewrite History reuse

Figure 3: Decision distribution on the Spider dataset.

tently high, matching or exceeding strong LLM- 547

based policies. 548

Why is ReGuard’s Decision Policy Effective? 549

To better understand the source of ReGuard’s per- 550

formance gains, we analyze the distribution of de- 551

cision types produced by different models, as il- 552

lustrated in Figure 3. The results reveal that deci- 553

sion behaviors are highly model-dependent. Most 554

LLM-based policies exhibit a strong bias toward 555

rewriting, with rewrite ratios exceeding 90% for 556

Llama-7B, GPT-5.2, and Gemini-3-Pro. While ag- 557

gressive rewriting can improve constraint satisfac- 558

tion (CS) by enforcing query compliance, it over- 559

looks the complementary benefits of other actions. 560

In contrast, ReGuard maintains more balanced al- 561

locations among the three actions, with substantial 562

proportions of no intervention and history reuse. 563

4.3 Robustness Evaluation 564

Robustness to Privacy Budget Variation. As 565

shown in Figure 4, all methods exhibit a general 566

trend of decreasing MRE as ε increases. Our 567

method consistently achieves the lowest MRE un- 568

der all budget settings, and demonstrates a smooth 569

and monotonic improvement as ε increases (from 570

1.48 at ε = 2 to 0.46 at ε = 8). 571
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Figure 4: Result of varying ϵ on the Adult dataset.
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Figure 5: Result of varying ∆ on the BIRD dataset.

Robustness to Sensitivity Variation. As shown572

in Figure 5, we observe that LLM-based policies573

tend to exhibit larger fluctuations across sensitiv-574

ity settings. In contrast, ReGuard remains stable:575

CS+SS stays consistently high with only minor576

variation as sensitivity increases.577

4.4 Ablation Studies578

Ablation of Core Modules. Table 2 reports the579

impact of removing each core module on the Spider580

dataset. Removing SDR increases MRE, indicat-581

ing its key role in controlling the error under DP.582

Removing results the BC in a moderate increase in583

MRE and noticeable drops in both CS and SS, in-584

dicating its the role to prevent violating preference585

constraints and introducing semantic drift. When586

removing the URE, the system achieves slightly587

higher budget usage but at the cost of increased588

MRE and reduced CS.589

Ablation on Weight Parameters. As shown in590

Appendix C.4, we study the effect of varying the591

trade-off weights λ and η in the utility function.592

Fixing η = η0 and increasing λ gradually shifts the593

system toward budget-oriented decisions. When594

fixing λ = λ0 and varying η, we observe that mod-595

Method MRE ↓ CS ↑ SS ↑ BU ↑ AR ∼
ReGuard 5.91 0.56 0.97 0.18 0.21
w/o RBC 6.08 0.54 0.96 0.23 0.25
w/o SDR 15.53 0.56 0.90 0.00 1.00
w/o DA 6.20 0.54 0.95 0.27 0.30

Table 2: Ablation study of modules on the spider dataset.
RBC: Rewriting Boundary Control; SDR: Status-aware
Decision Routing; DA: DP-aware Answering.

erate values of η improve accuracy while maintain- 596

ing reasonable budget usage, whereas overly large 597

η leads to marginal gains in MRE at the expense of 598

higher adoption rates. 599

Ablation on Joint Score. As detailed in Ap- 600

pendix C.5, using a single component alone leads 601

to imbalanced decision behavior: while Rcom or 602

Rsim improves CS and SS, it often over-encourages 603

rewriting and results in suboptimal budget utiliza- 604

tion, as reflected by extreme BU and AR values. In 605

contrast, integrating all three components consis- 606

tently yields a more balanced trade-off, achieving 607

competitive MRE and stable CS/SS while avoiding 608

over-aggressive interventions. 609

Why is ReGuard Robust? ReGuard explicitly 610

balances semantic quality, noise-induced error, and 611

budget efficiency. As shown in the ablation study 612

on the joint score (Appendix C.5), relying on any 613

single reward component leads to biased decision 614

behavior. In contrast, integrating Rcom, Rsim, and 615

Rerr enables ReGuard to capture complementary 616

aspects of the decision objective. This balanced 617

objective is also reflected in the resulting decision 618

distribution. Further evidence comes from the abla- 619

tion of core system modules (Table 2), where the 620

complementary roles of individual components are 621

critical to robustness. 622

5 Conclusion 623

We show that query rewriting and differential pri- 624

vacy are inherently coupled in Text-to-SQL sys- 625

tems, and that unregulated rewriting can harm util- 626

ity under DP. To formalize this setting, we intro- 627

duce Text-to-DP-SQL, which integrates open-ended 628

natural language querying with DP-protected an- 629

swering release. ReGuard addresses this issue by 630

jointly controlling rewriting and answering deci- 631

sions in a utility-aware manner, yielding consistent 632

improvements across datasets. 633
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6 Limitations634

Despite the effectiveness of ReGuard, our work has635

several limitations:636

First, our system focuses on a restricted class of637

DP-compatible SQL workloads, primarily aggre-638

gation and counting-style queries. Although this639

setting aligns with common DP deployments and640

allows controlled evaluation, extending ReGuard to641

more expressive query classes (e.g., nested queries642

or non-linear analytics) would require additional643

sensitivity modeling and is left for future work.644

Second, the decision policy is learned under645

simulated workloads and system configurations.646

While our experiments demonstrate strong gener-647

alization across datasets and models, real-world648

deployments may involve different data distribu-649

tions, schema characteristics, or privacy policies.650

Adapting the decision model online or jointly train-651

ing it with deployment-specific feedback remains652

an open problem.653

Finally, ReGuard introduces additional system654

complexity and computational overhead, including655

LLM-based decision making and post-hoc utility656

evaluation. Although these costs are modest com-657

pared to SQL execution and DP mechanisms in our658

experiments, latency-sensitive applications may re-659

quire further optimization or lightweight approxi-660

mations.661

7 Ethical Considerations662

This work aims to improve the safe and responsible663

deployment of natural-language database interfaces664

under differential privacy guarantees. By explic-665

itly modeling how query rewriting interacts with666

privacy-induced noise, ReGuard seeks to prevent667

unintended disclosure risks and misleading outputs668

that could arise from uncalibrated rewriting under669

DP constraints.670

Our system does not weaken differential privacy671

guarantees. All released answers are produced by672

standard DP mechanisms, and rewriting or history673

reuse decisions rely on the post-processing immu-674

nity property of DP, which ensures that privacy675

loss is not increased beyond the original release.676

However, we acknowledge that misuse or miscon-677

figuration of rewriting rules could lead to semantic678

misinterpretation of user intent, potentially affect-679

ing fairness or decision-making downstream. To680

mitigate this risk, ReGuard emphasizes control-681

lable rewriting boundaries and utility-based vali-682

dation, but responsible deployment still requires683

careful policy design and human oversight. We 684

also note that large language models used in our 685

system may reflect biases present in their training 686

data, which could influence rewriting behavior or 687

decision preferences. 688

We encourage future work to further explore 689

transparency, accountability, and user control in 690

privacy-preserving natural-language data access 691

systems. 692
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A Differential Privacy 826

A.1 Gaussian Mechanism 827

Differential privacy provides a formal guarantee 828

that the inclusion or exclusion of a single individ- 829

ual in a dataset has a limited impact on the re- 830

leased output. Among various DP mechanisms, 831

the Gaussian mechanism is widely used for real- 832

valued queries and serves as the foundation of our 833

privacy-preserving release. 834

Definition A.1 (Gaussian Mechanism (Dwork 835

et al., 2014)) Let f : D → Rk be a query func- 836

tion with ℓ2-sensitivity 837

∆2(f) = max
D∼D′

∥f(D)− f(D′)∥2, 838

where D ∼ D′ denotes two adjacent datasets 839

differing in one record. Given any function f : 840

N|X | → Rk, the Gaussian mechanism releases 841

MG(x, f(·), ϵ, δ) = f(x) +N (0, σ2), 842
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where independent Gaussian noise with standard843

deviation σ is added to each dimension.844

For a single invocation, the Gaussian mechanism845

satisfies (ε, δ)-differential privacy when the noise846

standard deviation σ is chosen as847

σ ≥ ∆2(f)

√
2 ln(1.25/δ)

ε
.848

A.2 Implications for Text-to-SQL.849

In Text-to-SQL systems, rewriting operations may850

alter query structure, predicate granularity, or join851

multiplicity, thereby affecting the effective sensi-852

tivity ∆2(f). Under a fixed privacy budget (ε, δ),853

the injected noise standard deviation scales linearly854

with the sensitivity, i.e., σ ∝ ∆2(f). As a re-855

sult, rewriting-induced sensitivity changes directly856

translate into different noise magnitudes and, con-857

sequently, different levels of noise-induced error858

in the released results. This observation motivates859

our system, which explicitly accounts for rewriting860

influences to the DP noise.861

A.3 Privacy Analysis.862

Lemma 1 (Serial Composition of Privacy (Dwork863

et al., 2014)). Let Mi : N|X | → Ri be (ϵi, δi)-864

differentially private for each i ∈ [k]. Define the865

composed mechanism M[k] : N|X | →
∏k

i=1Ri by866

M[k](x) =
(
M1(x), . . . ,Mk(x)

)
.867

Then M[k] is
(∑k

i=1 ϵi,
∑k

i=1 δi

)
-differentially868

private.869

Theorem 1 (Privacy Guarantee of ReGuard). For870

any sequence of queries processed by ReGuard,871

where i-th query are allocated (ϵi, δi), then the872

system satisfies (
∑

ϵi,
∑

δi)-differential privacy873

with respect to the underlying database.874

Proof. ReGuard outputs either (a) a newly released875

answer produced by invoking a DP mechanism,876

or (b) a previously released DP-protected answer877

(history reuse).878

New answers. For each non-reuse step i, Re-879

Guard invokes Mi, which is (ϵi, δi)-DP by assump-880

tion.881

History reuse. If ReGuard reuses a previously882

released answer, it does not issue any new query to883

the database and outputs an existing DP-protected884

value. Thus, reuse incurs no additional privacy loss885

and does not consume extra budget.886

Decision process. The LLM-based decision rule887

uses internal signals (e.g., an expected error) to888

choose between reuse and invoking Mi. The deci- 889

sion process does not issue any additional queries 890

to the database and, these internal signals are never 891

released to the user. 892

Therefore, the observable result of ReGuard con- 893

sists of a sequence of DP release answers from 894

mechanisms {Mi} interleaved with reuse steps. 895

According to the Lemma 1, the overall privacy 896

loss is (
∑

i ϵi,
∑

i δi). If the accountant ensures 897∑
i ϵi ≤ ϵ and

∑
i δi ≤ δ, the system satisfies 898

(ϵ, δ)-DP. 899

B Implementation Details 900

B.1 Rewriting Boundary Control 901

To explicitly control rewriting behavior across and 902

within rewriting levels, we construct two types of 903

preference supervision: boundary-contrast pairs 904

and quality-preference pairs. 905

Boundary-contrast pairs. Boundary-contrast 906

pairs aim to teach the model which rewriting level 907

should be applied under different rewriting require- 908

ments. For each original query t, we use GPT-5 to 909

select a suitable target rewriting category c from 910

the target workload, i.e., the category whose trig- 911

ger and transformation description best matches 912

the rewriting requirement (see Appendix D.1), and 913

then generate the corresponding rewrite tk,c, where 914

k denotes the rewriting level of category c. We 915

construct a contrastive pair by sampling another 916

category c′ from a different rewriting level k′ ̸= k, 917

and generating the rewrite tk′,c′ using the same 918

generator (GPT-5). Using level-specific prompts, 919

we form a preference instance (x, y+, y−), where 920

x includes the original query t, and y+ = tk,c, 921

y− = tk′,c′ . This cross-level contrast provides an 922

explicit training signal for boundary awareness, en- 923

couraging the model to choose the least-invasive 924

transformation that satisfies the intended rewrit- 925

ing type, and to avoid both under-rewriting and 926

over-rewriting. The example data are provided in 927

appendix E.1. 928

Quality-preference pairs. Quality-preference 929

pairs focus on intra-level discrimination. We sam- 930

ple multiple candidate rewrites for the same query 931

using the corresponding level-specific prompt and 932

an LLM generator (Qwen3). We then score these 933

candidates with GPT-5 as an LLM-as-a-Judge (see 934

appendix D.2), ranking them by overall rewrite 935

quality (rule compliance, semantic faithfulness, 936

and transformation minimality). The top-ranked 937
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candidate is treated as the preferred rewrite and938

the bottom-ranked one as the dispreferred rewrite,939

forming a quality-preference pair. This intra-level940

preference supervision encourages the model to941

produce the most faithful rewrite among valid al-942

ternatives within the same boundary. The example943

data are provided in appendix E.2.944

B.2 Online State-aware Decision945

B.2.1 Action Representation.946

Model decision space. The model selects an947

action from three high-level choices, rewrite,948

reuse_history and None. The action determines949

which argument is required: for rewrite, the model950

outputs the rewritten text; for reuse_history, it out-951

puts the index of a cached query to reuse. We952

represent the decision using the following JSON953

schema:954

{955

"action": "rewrite | reuse_history956

| None ",957

"rewrite_text": "...",958

// only if action == "rewrite"959

"history_index": 3960

// only if action == "reuse_history"961

}962

The status prompt used to guide the model’s deci-963

sion is shown in Appendix D.4.964

Generating rewrite candidates. We use the965

rewriting model trained by the Rewriting Bound-966

ary Control module and rewrite generation prompt967

(see Appendix D.3) to generate the rewrite can-968

didate. Concretely, we include the Database in-969

formation component from the status prompt in970

Appendix D.4, and then generate the rewritten text.971

For each candidate, the corresponding decision972

space also changes accordingly.973

B.2.2 Action Evaluation.974

Computing Rcom. We compute Rcom using a re-975

ward model fine-tuned from the preference data976

generated by Rewriting Boundary Control. Specifi-977

cally, the boundary-contrast and quality-preference978

pairs are used to construct a preference dataset,979

on which we fine-tune a lightweight reward model980

based on Qwen2.5-3B. This reward model serves981

as a proxy for the data owner’s rewriting preference,982

capturing which rewriting behaviors are considered983

acceptable and beneficial under deployment con-984

straints, and assigning higher scores to rewrites that985

better align with these preferences.986

Computing Rerr. The expected error et induced 987

by releasing a query t is approximated using a 988

proxy function E(t), meaning that e = E(t). 989

Specifically, E(·) denotes the effective noise scale, 990

i.e., the noise standard deviation σ induced by 991

query t under the Gaussian mechanism (see Ap- 992

pendix A.1). Although the variance of a Gaussian 993

distribution is unbounded in theory, we categorize 994

the noise scale into different regimes for analysis 995

in practice. Specifically, we truncate the variance 996

to the range [1, 10] and uniformly partition it into 997

k disjoint intervals, each corresponding to a score. 998

C Details of Experiment 999

C.1 Workload 1000

We construct our evaluation workload by instantiat- 1001

ing the rewriting primitives summarized in Table 3, 1002

which captures commonly used rewriting strategies 1003

in prior SQL systems and is adopted as the basis for 1004

our evaluation. Concretely, we first collect linear 1005

counting queries already supported by the datasets, 1006

and treat them as seed templates. For the Spider 1007

dataset, we reserve 30% of the templates for con- 1008

structing simulated queries in the subsequent sec- 1009

tion, and use the remaining templates for workload 1010

instantiation. We then generate additional query 1011

instances by systematically applying our rewriting 1012

operations. For example, for a canonicalized pred- 1013

icate pattern such as “older than 30” (mapped to 1014

our L1-level predicate rewriting), we produce mul- 1015

tiple instantiated variants by varying constants and 1016

ranges (e.g., “older than 40”, “older than 50”) while 1017

keeping the underlying intent and schema consis- 1018

tent. We apply similar instantiation to other eligible 1019

predicate patterns and counting-style formulations, 1020

yielding a large set of linear queries with controlled 1021

semantic variations. 1022

To further diversify the workload beyond 1023

template-based instantiation, we additionally lever- 1024

age GPT-5 to synthesize extra natural-language 1025

queries that are compatible with each dataset 1026

schema and can be translated into the supported 1027

SQL forms for DP. We use the same taxonomy to 1028

filter and normalize these model-generated queries, 1029

ensuring that they are suitable for downstream DP 1030

evaluation. Overall, we curate a workload of 2,000 1031

queries for each dataset to achieve broader cover- 1032

age and diversity. For evaluation, we randomly 1033

sample 30 queries from the curated workload in 1034

each run and repeat this process 20 times. All 1035

reported results are averaged over these runs to 1036
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Rewriting Strategy Level Typical Trigger / Goal Transformation (NL/SQL)

A. Accuracy-driven rewriting strategies

Canonicalization L1 Improve parseability/executability Normalize operators/structures: “older than 30” →
age > 30; “top 5” → ORDER BY ... DESC LIMIT
5

Disambiguation /
Completion

L1 Resolve underspecification (scope,
missing clauses)

Make intent explicit: “employees in sales” → “em-
ployees in the Sales department”; add missing GROUP
BY / time scope

Schema / Value
grounding

L3 Align NL mentions to schema/values
(Spider/BIRD)

“NYC” → city=’New York City’; “CS” →
dept=’Computer Science’

B. Safety-driven rewriting strategies

Predicate bucketiza-
tion

L1 Granularity adjustment (often for ro-
bustness/safety)

Replace exact predicates with bins/intervals: age =
47 → age ∈ [45, 50]; date =′ 2023-03-21′ →
date ∈ [Q1]

Range widening L1 Overly narrow ranges / brittle filters Relax tight ranges: age ∈ [46, 47] → age ∈
[45, 50]

Entity-to-cohort aggre-
gation

L3 Entity-target queries; need cohort-
level semantics

metric(e) → AVG(metric) WHERE G =
G(e) (e.g., salary(e)→ AVG(salary) WHERE
dept=dept(e))

Target generalization L3 Over-specific outputs; prefer stable
statistics

income(e) → MEDIAN(income); amount(t) →
HIST(amount); is_refund(o) → refund_rate

Table 3: A summarizes accuracy-driven rewriting strategies that are commonly studied in the Text-to-SQL. B
summarizes safety-driven rewriting strategies that are more frequently explored in traditional database settings (e.g.,
company safety policy enforcement). We include B as a complementary taxonomy to broaden coverage and to
verify that our system generalizes.

reduce variance and improve statistical reliability.1037

C.2 Simulated Query1038

Following the workload construction described in1039

Appendix C.1, we use 30% of the Spider dataset to1040

build the simulation workload, from which we gen-1041

erate a total of 800 simulated queries. For prefer-1042

ence construction, we randomly sample 30 queries1043

per round and repeat this process for 200 rounds,1044

resulting in a preference-pair dataset of size 6,000.1045

C.3 Metric implementation and1046

Hyperparameters1047

Metric implementation. CS is computed using a1048

reward model fine-tuned on preference data derived1049

from Rcom, where higher scores indicate stronger1050

compliance with prescribed rewriting rules. MRE1051

is computed as the mean relative error between1052

DP-released answers and their corresponding true1053

answers. SS is measured as the cosine similarity1054

between sentence embeddings of the original query1055

and the rewritten query.1056

Hyperparameters. We set the total privacy pa-1057

rameter δ = 10−5 in each run. Unless otherwise1058

specified, the privacy budget is fixed to ε = 10 for1059

each query; in Section 4.2, we instead use ε = 1 to1060

study performance under a stricter privacy setting.1061

we also set λ = 1 , η = 103, k = 3 and n = 10 in 1062

all experiments. 1063

C.4 Ablation Study: Weight Parameters 1064

(λ, η) MRE↓ CS↑ SS↑ BU↑ AR∼

(0, η0) 4.33 0.53 0.98 0.10 0.13
(10λ0, η0) 4.44 0.52 0.99 0.14 0.17
(100λ0, η0) 4.81 0.53 0.99 0.19 0.22

(λ0, 0) 5.17 0.52 0.99 0.02 0.02
(λ0, 0.5η0) 4.19 0.53 0.98 0.10 0.14
(λ0, 10η0) 3.96 0.53 0.98 0.12 0.17

Table 4: Ablation on trade-off weights λ and η on the
BIRD dataset.

C.5 Ablation Study: Joint Score 1065

Table 5: Ablation on the joint score components in
R = Rcom +Rsim +Rerr.

Rpref Rsim Rerr MRE↓ CS↑ SS↑ BU↑ AR∼

✓ 3.71 0.57 0.95 0.38 0.44
✓ 3.97 0.55 0.99 0.09 0.11

✓ 3.23 0.55 0.96 0.21 0.26

✓ ✓ 5.71 0.56 0.94 0.31 0.34

✓ ✓ ✓ 4.18 0.55 0.97 0.18 0.21
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D Prompt Design1066

D.1 Category Selection Prompt1067

To construct boundary-contrast supervision, we1068

first prompt GPT-5 to select a suitable rewriting1069

category c from the target workload. The selection1070

is performed by matching the rewriting require-1071

ment to each category’s trigger and transformation1072

description in our taxonomy. The candidate cate-1073

gory list is retrieved from the Table 3 and [QUERY]1074

is the user’s query text.1075

Category Selection Prompt

You are given (i) an original query, and (ii) a
list of candidate rewriting categories (from
the target workload). Select the most suit-
able category_id from the provided list.
A category is suitable if t can be rewritten to
satisfy this category with the least-invasive
transformation. Least-invasive means:
(1) preserve the user’s intent and key con-
straints;
(2) do not remove essential filters unless
required;
(3) avoid unnecessary semantic drift; and
(4) if multiple categories are feasible,
choose the one requiring the fewest and
smallest edits.
Use each category’s Typical Trigger/Goal
and Transformation description to make
your decision.
Original query: [QUERY]
Candidate categories:
1) [category_id=..., level=..., trigger=...,
transformation=...]
2) ...
Output: Return a category_id.

1076

D.2 Rewrite Quality Evaluation Prompt 1077

Rewrite Quality Evaluation Prompt

You are an expert evaluator for query rewrit-
ing in Text-to-SQL systems. Your task is
to assess and rank multiple rewritten candi-
dates of the same query produced under the
same rewriting category and level.
All candidates are assumed to be valid with
respect to the category constraints. Your
goal is to identify which rewrite is of higher
overall quality.
Evaluation Criteria:
Evaluate each candidate rewrite according
to the following aspects:
1. Rule Compliance: Does the rewrite
strictly follow the specified rewriting cat-
egory and level constraints?
2. Semantic Faithfulness: Does the rewrite
preserve the original user intent and essen-
tial constraints without introducing seman-
tic drift?
3. Transformation Minimality: Among
valid rewrites, does the rewrite apply the
least-invasive modification, avoiding unnec-
essary edits or over-specification?
Important Notes: - All candidates belong
to the same rewriting level (L1 or L2); do
not compare across levels. - Do not fa-
vor rewrites that introduce additional con-
straints unless strictly required. - Minor
surface differences are acceptable, but un-
necessary semantic changes should be pe-
nalized.
Rewriting Context:
[category_id=..., level=..., trigger=..., trans-
formation=...]
Original Query:
[QUERY]
Rewrite Candidates:
1) [REWRITE_1]
...
Output:
Rank the candidates from best to worst ac-
cording to the evaluation criteria. Return
only a ranked list of candidate identifiers
(e.g., A > C > B).

1078

D.3 Rewrite Generation Prompt 1079

After selecting the target category c, we use GPT-5 1080

with the rewrite-generation prompt to produce tk,c; 1081
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for boundary contrast, we additionally generate1082

tk′,c′ for a category c′ from a different level k′ ̸= k.1083

Rewrite Generation Prompt

You need to rewrite queries according to a
specified rewriting category and level con-
straints. Rewrite the following query ac-
cording to the given rewriting category. You
must strictly follow the level constraints:
Category Requirements:
[category_id=..., level=..., trigger=..., trans-
formation=...]
Constraints:
- Apply the least-invasive change that satis-
fies the category. Least-invasive means:
(1) preserve the user’s intent and key con-
straints;
(2) do not remove essential filters unless
required;
(3) avoid unnecessary semantic drift; and
(4) if multiple categories are feasible,
choose the one requiring the fewest and
smallest edits.
- If level is L1: do not change the target
statistic; only apply surface-level edits (e.g.,
predicate/value adjustments) allowed by the
category.
- If level is L2: Target changes are allowed
only if required by the category.
Input query: [QUERY]
Output: Return only the rewritten query.

1084

D.4 Status Prompt1085

To support online state-aware decision making,1086

we design a decision prompt which explicitly rea-1087

sons over the current query, database information,1088

and previously executed queries, and produces a1089

structured decision in the form of a JSON out-1090

put. This prompt is used both to generate deci-1091

sion examples for DPO training and during online1092

inference. [SCHEMA AND EXAMPLES] includes ta-1093

ble schemas (table and column names), primary1094

and foreign key relations, and a small set of rep-1095

resentative value examples for selected columns.1096

[CURRENT NOISE LEVEL] presents noise level of1097

current query derived from the noise multiplier.1098

[LIST OF EXECUTED QUERIES] consists of previ-1099

ously executed natural-language queries, each an-1100

notated with its corresponding noise level derived1101

from the noise multiplier.1102

Decision Prompt

Task. You are given a database query rewrit-
ing task with access to historical queries.
Decide (i) whether the current query should
be rewritten, and (ii) whether its result can
be directly reused from history. Input Infor-
mation:
Database information: [SCHEMA AND
EXAMPLES]
Current query: [QUERY]
Current noise level: [CURRENT NOISE
LEVEL]
Historical queries: [LIST OF EXE-
CUTED QUERIES]
Step 1: Rewrite Decision. Determine
whether the current query needs rewriting
under the given level-specific constraints.
If rewriting is required, provide a rewritten
natural language statement that satisfies the
constraints.
Step 2: Historical Substitutability Assess-
ment. Based on the final statement from
Step 1 (original or rewritten), rigorously
judge whether its SQL result can be directly
replaced by exactly one historical query
result. Direct replacement means reusing
a single historical result without any addi-
tional computation, deduction, or reliance
on database information. If replacement is
possible, output the corresponding histori-
cal query number.
Output: Return only a JSON object
with fields: {rewrite, rewritten_text,
use_history, number}.

1103
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E Example for Training Data1104

E.1 Quality-preference Pair Example1105

Quality-preference Pair Example

Prompt(x): Given (i) an original query
t,and (ii) a list of candidate rewriting cat-
egories, select the single most suitable cate-
gory and generate corresponding rewriting
text.
Original query t: How many patients over
80 years old were admitted to ICU in 2022?
Candidate categories:
1) [category_id=..., level=..., trigger=...,
transformation=...]
2) ...
Output: Return only a JSON object with
fields: {category_id, rewriting_text}.

Chosen (y+):
{
"category_id": "L1-Canonicalization",
"rewriting_text": "How many

patients aged 80 or above were
admitted to ICU in 2022?"

}

Rejected (y−, drops an essential predi-
cate):
{
"category_id": "L1-Canonicalization",
"rewriting_text": "How many patients
were admitted to ICU in 2022?"

}

1106

E.2 Boundary-contrast Pair Example 1107

Boundary-contrast Pair Example

Prompt(x): Given (i) an original query
t,and (ii) a list of candidate rewriting cat-
egories, select the single most suitable cate-
gory and generate corresponding rewriting
text.
Original query t: How many patients over
80 years old were admitted to ICU in 2022?
Candidate categories:
1) [category_id=..., level=..., trigger=...,
transformation=...]
2) ...
Output: Return only a JSON object with
fields: {category_id, rewriting_text}.

Chosen (y+):
{
"category_id": "L1-Canonicalization",
"rewriting_text": "How many patients
aged 80 or above were admitted to ICU
in 2022?"
}

Rejected (y−):
{
"category_id": "L2-Target-
Generalization",
"rewriting_text": "What is the age
distribution of patients admitted to
ICU in 2022?"
}

1108
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