
Sandwich Reasoning: An Answer-Reasoning-Answer Approach for
Low-Latency Query Correction

Anonymous ACL submission

Abstract001

Query correction is a critical entry point in mod-002
ern search pipelines, demanding high accuracy003
strictly within real-time latency constraints.004
Chain-of-Thought (CoT) reasoning improves005
accuracy but incurs prohibitive latency for real-006
time query correction. A potential solution is007
to output an answer before reasoning to reduce008
latency; however, under autoregressive decod-009
ing, the early answer is independent of sub-010
sequent reasoning, preventing the model from011
leveraging its reasoning capability to improve012
accuracy. To address this issue, we propose013
Sandwich Reasoning (SandwichR), a novel ap-014
proach that explicitly aligns a fast initial answer015
with post-hoc reasoning, enabling low-latency016
query correction without sacrificing reasoning-017
aware accuracy. SandwichR follows an “An-018
swer–Reasoning–Answer” paradigm, produc-019
ing an initial correction, an explicit reasoning020
process, and a final refined correction. To align021
the initial answer with post-reasoning insights,022
we design a consistency-aware reinforcement023
learning (RL) strategy: a dedicated consistency024
reward enforces alignment between the initial025
and final corrections, while margin-based re-026
jection sampling prioritizes borderline samples027
where reasoning drives the most impactful cor-028
rective gains. Additionally, we construct a high-029
quality query correction dataset, addressing030
the lack of specialized benchmarks for com-031
plex query correction. Experimental results032
demonstrate that SandwichR achieves SOTA033
accuracy comparable to standard CoT while de-034
livering a 40–70% latency reduction, resolving035
the latency-accuracy trade-off in online search.036

1 Introduction037

Query correction (Ye et al., 2023; Pande et al.,038

2022; Zhang et al., 2025b) serves as the first line039

of defense in modern Information Retrieval (IR)040

systems. User queries often contain various noise,041
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Figure 1: Comparison of reasoning paradigms: tradi-
tional Chain-of-Thought (CoT) reasoning vs the pro-
posed sandwich reasoning in this paper.

such as phonetic errors, typos, and semantic ambi- 042

guities, which can significantly degrade retrieval 043

relevance. While Large Language Models (LLMs) 044

have demonstrated remarkable capabilities in text 045

processing, deploying them for real-time query cor- 046

rection faces a critical dilemma: the trade-off be- 047

tween accuracy and inference latency. 048

Chain-of-Thought (CoT) reasoning has demon- 049

strated its effectiveness across a wide range of 050

tasks (Wang and Zhou, 2024; Han et al., 2024; 051

Wang et al., 2023), it can enhance query correc- 052

tion accuracy by allowing the model to “think” be- 053

fore it outputs the corrected query. However, this 054

reasoning-first paradigm incurs high computational 055

costs and unacceptable latency for online search 056

scenarios. An intuitive solution is to reverse the 057

CoT order: generate an answer first, then reason 058

about it (Dong et al., 2025). This promises the effi- 059

ciency of a direct response. However, within a stan- 060

dard autoregressive model, this simple answering- 061

first approach suffers from a decoupling problem: 062

the initial answer is generated in isolation, blind to 063

the reasoning that follows, thus gaining no actual 064

benefit from it. 065

To bridge this gap, we introduce a novel 066
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answering-first approach for query correction,067

Sandwich Reasoning, which we refer to as Sand-068

wichR. Unlike standard CoT, as shown in Figure 1,069

our SandwichR outputs a sequence in a “Answer-070

Reasoning-Answer” format: an initial correction,071

followed by a reasoning trajectory, and a final072

correction. This structure allows the downstream073

search engine to utilize the initial correction for074

low-latency retrieval.075

To ensure the first-generated query correction076

correlates with the subsequent reasoning process,077

we propose a consistency-aware strategy during078

training. Specifically, we design a specialized079

reward function that encourages consistency be-080

tween the initial correction and the final correction.081

Through reinforcement learning (RL), we effec-082

tively distill the model’s own reasoning capabilities083

back into its immediate intuition, enabling the ini-084

tial correction to achieve accuracy comparable to085

CoT even without explicit reasoning steps during086

inference. Due to the lack of public benchmarks,087

we also construct a high-quality dataset based for088

query correction. Furthermore, to stabilize RL089

training, we employ a rejection sampling strategy,090

filtering for samples where the model shows po-091

tential for self-correction. Our contributions are as092

follows:093

• We propose SandwichR, a “Answer-Reasoning-094

Answer” framework that resolves the dilemma095

between accuracy and latency by decoupling the096

reasoning process from the initial response for097

latency.098

• We design a consistency-aware RL strategy with099

margin-based rejection sampling. This approach100

aligns the model’s fast intuition with its slow rea-101

soning, effectively distilling CoT capabilities into102

the initial answer and theoretically ensuring the103

initial answer’s accuracy matches that of standard104

CoT approach’s the reasoning-enhanced answer.105

• We construct a realistic query correction bench-106

mark based on a retrieval dataset and demon-107

strate that our method achieves SOTA perfor-108

mance while delivering a remarkable 40–70%109

speedup over the standard CoT approach, balanc-110

ing high correction precision with the low latency111

required for real-time search.112

2 Related Work113

Query Correction (QC) is cruial in search engine114

pipelines (Ye et al., 2023; Gao et al., 2010), di-115

rectly influencing retrieval recall and user satisfac- 116

tion. Early approaches treat QC as a sequence-to- 117

sequence translation task, evolving from statistical 118

language models to Pre-trained Language Models 119

(PLMs) such as BART (Shao et al., 2024a), which 120

map noisy queries to their corrected forms based 121

on contextual likelihood. With the emergence 122

of Large Language Models (LLMs), recent stud- 123

ies have explored leveraging the extensive world 124

knowledge of LLMs for correction via few-shot 125

prompting (Davis et al., 2024; Li et al., 2023) or 126

supervised fine-tuning (Fan et al., 2023). While 127

LLMs demonstrate superior semantic understand- 128

ing compared to smaller models, they often suffer 129

from over-correction—erroneously altering correct 130

named entities or shifting the user’s original intent. 131

Crucially, most existing works treat correction as 132

an immediate generation task with few exploring 133

explicit reasoning mechanisms to QC, which limits 134

the model’s robustness when facing ambiguous or 135

complex errors. 136

Reasoning Large Language Models (LLMs) 137

have advanced significantly via Chain-of-Thought 138

(CoT) reasoning, improving performance in com- 139

plex domains such as mathematics and logic (Guo 140

et al., 2025; Jaech et al., 2024). To further optimize 141

reasoning capabilities, researchers have focused 142

on both data-centric approaches—selecting high- 143

quality reasoning trajectories (Ye et al., 2025)—and 144

algorithmic innovations, such as designing granular 145

process rewards or employing RL to align model 146

behaviors (Aggarwal and Welleck, 2025; Han et al., 147

2024). However, the prevailing paradigm in these 148

studies follows a reasoning-first structure, where 149

the rationale (e.g., wrapped in <think> tags) strictly 150

precedes the final answer. While beneficial for 151

accuracy, this sequential dependency imposes a 152

severe penalty on inference latency which is oper- 153

ationally unacceptable in real-time scenarios like 154

query correction. This creates a critical dilemma: 155

standard CoT is too slow for search, while direct 156

generation lacks the depth for complex correc- 157

tion. Therefore, this paper explores the SandwichR 158

method, which strikes a balance between efficiency 159

and accuracy, to better complete query correction. 160

3 Problem Formulation and Data 161

Construction 162

3.1 Problem Formulation 163

In this paper, we focus on the task of Query Cor- 164

rection (QC). Formally, we are given an annotated 165
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dataset D = {(xi, yi)}Ni=1, where N denotes the166

sample size. For each sample in the dataset, xi de-167

notes the original user query (requiring correction),168

and yi represents the corresponding correct query169

(ground truth). While traditional QC approaches170

treat this as a direct generation task—mapping the171

original query directly to the corrected query—we172

aim to endow Large Language Models (LLMs)173

with explicit reasoning capabilities. Specifically,174

our objective is to generate the corrected query175

y from the input x by leveraging an intermediate176

reasoning process R.177

3.2 Data Construction178

Since there is no large-scale, open-source dataset179

specifically for complex query correction, we con-180

struct a dataset based on Multi-CPR (Long et al.,181

2022). We simulate real-world search errors by182

injecting noise into the original queries (Qclean) to183

generate corrupted queries (Qnoise). Specifically,184

we introduce three representative types of query185

errors:186

• Wrong Words: Randomly substituting a187

word with a visually or phonetically similar,188

or commonly confused character to simulate189

spelling errors, phonetic or visual confusions.190

• Missing Words: Omitting a word (e.g., a191

function or content word) to simulate acci-192

dental deletion.193

• Disorder Words: Randomly swapping adja-194

cent words to simulate word order errors in195

hurried typing or others.196

Diagrams for data construction and examples197

of three error types are illustrated in Figure 2. In198

this work, we limit each query to contain only one199

error. This design is based on the fact that the200

queries in the original dataset are relatively short,201

and in real-world scenarios, the error rate within202

such short queries is typically low, thereby making203

the constructed data more representative of actual204

search scenarios. Nevertheless, our data construc-205

tion framework is flexible: higher error ratios and206

more complex error patterns can be readily gen-207

erated by repeatedly applying or combining these208

three basic error types.209

The final dataset consists of pairs210

(Qnoise, Qclean), also referred to as (x, y)211

pairs.212

原声态苹果
Original sound state apples

𝑄noise

原⽣态苹果
Original ecological apples

品胜⽿保护套
Pisen ear protectors

品胜⽿机保护套
Pisen headphones protectors

可优⽐刷⽛头
Kubbaby brush tooth head

可优⽐⽛刷头
Kubbaby toothbrush head

Error type 1: Wrong Words

Error type 2: Missing Words

Error type 3: Disorder Words

Typing Errors

Phonetic/Visual 
Confusions

Accidental 
Omits/Disorders

𝑄clean

𝑄noise

Data Construction Examples

𝑄clean

𝑄clean

𝑄clean

𝑄noise

𝑄noise

Correct Queries

Noisy Queries

Noise
Injection

Figure 2: Examples of three types of query errors in-
cluding wrong words, missing words, disorder words.

4 The Proposed Approach: SandwichR 213

In this section, we first present the overall archi- 214

tecture of SandwichR and then detail its two-stage 215

training pipeline: SandwichR Ability Acquisition 216

via SFT and Consistency-Aware Reinforcement 217

Learning. 218

4.1 Approach Overview 219

Let x denote the input noisy query. We define 220

the model’s output y as a SandwichR-structured 221

sequence: 222

y = [Cinit, R, Cfinal], (1) 223

where Cinit is the initial correction, R represents 224

the correction reasoning process (i.e., reasoning 225

trajectory), and Cfinal is the final correction derived 226

from the reasoning. This structure allows the model 227

to return Cinit immediately to the user, satisfying 228

the low-latency requirement of search engines. 229

Figure 3 illustrates the overall training of Sand- 230

wichR. The training of SandwichR is conducted 231

in two stages: (1) SandwichR Ability Acquisition 232

via Supervised Fine-Tuning (SFT), which teaches 233

the model to produce the SandwichR-structured 234

output; and (2) Consistency-Aware Reinforcement 235

Learning, which refines the model by explicitly 236

reinforcing the alignment between the initial cor- 237

rection Cinit and the reasoning process R, ensuring 238

the first answer benefits from the subsequent rea- 239

soning for higher accuracy. 240

4.2 SandwichR Ability Acquisition via SFT 241

We first adapt a base LLM to the SandwichR format 242

via Supervised Fine-Tuning. We utilize GPT-4o 243

to generate high-quality reasoning trajectories and 244

corrections. 245
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Figure 3: The overall workflow of the proposed SandwichR. It consists of two stages: (1) SandwichR Ability
Acquisition via Supervised Fine-Tuning (SFT), and (2) Consistency-Aware Reinforcement Learning (RL).

Specifically, we employ the Reasoning-Answer246

format (as shown in Appendix A.1) to prompt GPT-247

4o, which instructs it to first generate its internal248

reasoning within <reasoning> tags, followed by the249

final corrected output within <answer> tags. This250

format aligns with the standard cognitive process251

of reasoning before answering, and thus ensures252

high-quality reasoning trajectories.253

We then post-process these generations to re-254

structure them into the SandwichR-structured se-255

quence as Eq. (1). This restructured data is sub-256

sequently used for fine-tuning the base model to257

acquire the Sandwich Reasoning abilities.258

4.3 Consistency-Aware Reinforcement259

Learning260

SFT alone fails to align Cinit with the reasoning-261

enhanced Cfinal. We employ GRPO (Shao et al.,262

2024b) to further optimize the model.263

4.3.1 Margin-based Rejection Sampling264

Training on random samples is inefficient. We265

observe that RL works best when learning from266

“borderline” cases. We define “borderline cases”267

as inputs where the model exhibits inconsistent268

performance across multiple attempts—sometimes269

yielding an acceptable correction and sometimes270

not. These cases reside at the performance margin271

where the model demonstrates nascent capability272

but requires refinement to consistently generate273

correct outputs.274

Thus to select these high-value training in- 275

stances, we implement a margin-based rejection 276

sampling strategy. Specifically, for a given input, 277

we sample N independent reasoning trajectories 278

from the CoT-finetuned model from stage 1. A 279

trajectory is deemed acceptable if the correspond- 280

ing correction answer achieves an F0.5-score > 0 281

in practice. The input is added to the RL training 282

dataset only if at least one of the N sampled trajec- 283

tories is acceptable (pass@N > 0); otherwise, it is 284

rejected. 285

4.3.2 Reward Design 286

The reward function Rtotal is the key driver of our 287

approach, composed of three terms: 288

Rtotal = wacc ·Racc + wfmt ·Rfmt + wcons ·Rcons 289

• Accuracy Reward (Racc): Given the high pre- 290

cision requirement of query correction (avoid- 291

ing over-correction), we use the F0.5 score be- 292

tween Cinit and the ground truth, rather than 293

simple accuracy or F1 score. In practice, to 294

encourage meaningful corrections, Racc is set 295

to 0 if Cinit is identical to the original query 296

Qnoise, and to the F0.5 score otherwise. 297

Racc =

{
0, if Cinit = Qnoise,

F0.5(Cinit, Qnoise, Qclean), otherwise.
298

• Format Reward (Rfmt): A binary reward that 299

penalizes the model if it fails to follow the 300
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strict [Correct -> Reason -> Correct] structure,301

ensuring parsability.302

• Consistency Reward (Rcons): To force the303

model to internalize the reasoning into the304

first step, we reward the identity between the305

initial and final output:306

Rcons = I(Cinit = Cfinal),307

where I(·) is the indicator function (1 if the308

condition holds, 0 otherwise). This reward is309

crucial: it penalizes “blind guessing” (where310

Cinit is right by luck but Cfinal changes it)311

and “disconnect” (where reasoning fixes the312

error in Cfinal but Cinit remains wrong). It313

drives the policy to maximize P (Cinit =314

Ground Truth) by leveraging the gradients315

back-propagated from the reasoning process.316

In practice, the format and consistency re-317

quirements are jointly enforced by computing318

Rfmt × Rcons as a unified term. This yields319

a reward of 1 only when the output adheres320

to the required structure and Cinit matches321

Cfinal.322

4.4 Discussion323

A core advantage of our SandwichR is its ability324

to maintain the accuracy of the Reasoning-Answer325

(Rea-Ans) paradigm while achieving low-latency326

inference. Importantly, this is an achievement that327

the direct Answer-Reasoning (Ans-Rea) approach328

cannot achieve. This alignment in SandwichR329

stems from the structured dependency between the330

initial answer, reasoning process, and final answer331

enforced by SandwichR, which mirrors the core332

logic of Rea-Ans, where correct answers are inher-333

ently guided by explicit reasoning. Mathematically,334

the correctness of the final answer CRea-Ans in the335

Rea-Ans paradigm can be modeled as a marginal-336

ization over all possible reasoning trajectories:337

PRea-Ans(CRea-Ans = y∗ | x) (2)338

=

∫
P (R | x) · P (CRea-Ans = y∗ | x,R) dR,339

where y∗ denotes the ground truth, R represents the340

reasoning process, and x is the input noisy query.341

In contrast, Ans-Rea suffers from a fundamental342

decoupling: the correctness of its initial answer343

CAns-Rea is independent of subsequent reasoning,344

i.e., PAns-Rea(CAns-Rea = y∗ | x) ⊥ P (R | x),345

leaving the initial answer unable to benefit from346

the model’s reasoning capabilities.347

SandwichR resolves this gap through its 348

“Answer-Reasoning-Answer” structure and the con- 349

sistency constraint Cinit = Cfinal, which binds the 350

initial answer to the reasoning-augmented final an- 351

swer. Its joint probability distribution is defined 352

as: 353

PSandwichR(Cinit = y∗, R, Cfinal | x) 354

= P (R | x) · P (Cfinal = y∗ | x,R) · I(Cinit = Cfinal). 355

Marginalizing over R and Cfinal yields the correct- 356

ness probability of SandwichR’s initial answer: 357

PSandwichR(Cinit = y∗ | x) 358

=

∫
P (R | x) · P (Cfinal = y∗ | x,R) dR, 359

which is mathematically equivalent to the correct- 360

ness probability of the Rea-Ans paradigm in Eq. (2). 361

This equivalence demonstrates that SandwichR’s 362

initial answer inherits the reasoning-guided accu- 363

racy of Rea-Ans, as the consistency constraint ef- 364

fectively distills the information from R into Cinit. 365

5 Experiments 366

This section presents our experimental setup and 367

comprehensive results, covering datasets, evalua- 368

tion metrics, baseline models, implementation de- 369

tails, and analysis of key findings. 370

5.1 Experimental Settings 371

5.1.1 Dataset and Metric 372

We conducted experiments on three error correc- 373

tion datasets constructed based on Multi-CPR-QC, 374

namely E-commerce, Video, and Medical. These 375

datasets contain queries from different domains, 376

and all original queries were collected from real 377

search engine systems within Alibaba Group (Long 378

et al., 2022). The statistical analysis of these three 379

datasets is presented in Table 1. Following the 380

commonly used evaluation metrics in the error cor- 381

rection field (Zhang et al., 2025b; Xu et al., 2022), 382

we adopted F0.5-score and Accuracy (Acc) to eval- 383

uate the model’s error correction performance. 384

5.1.2 Baselines 385

For the baselines, we selected models from differ- 386

ent domains for testing, including mT5 (Xue et al., 387

2021) and BART (Lewis et al., 2019)—two repre- 388

sentative models in the traditional error correction 389

field. We adopted three Chain-of-Thought (CoT) 390

prompting strategies (see Appendix A.1 for their 391
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Dataset #Train #Dev #Test Tra_Len Dev_Len Tes_Len

E-commerce 90,511 1,000 1,000 6.43 6.39 6.45
Video 88,736 1,000 1,000 7.09 7.14 7.12
Medical 94,176 1,000 1,000 16.08 16.19 16.34

Table 1: Statistics of our LexNum. #Train, #Dev, #Test
denote the number of the train, development and test
datasets, while Tra_Len, Dev_Len and Tes_Len repre-
sent their average query lengths, respectively.

full prompts): Ans-Rea: The model follows an392

Answer-Reasoning format, presenting the correc-393

tion outcome first, followed by the reasoning pro-394

cess. Rea-Ans: The model follows a Reasoning-395

Answer format, providing the reasoning process396

prior to the final correction result. SandwichR: The397

model uses an Answer-Reasoning-Answer format398

for output. Additionally, we implemented two opti-399

mization methods: x-SFT: Enhancing the model’s400

correction capability via supervised fine-tuning. x-401

RL: Further boosting performance by integrating402

reinforcement learning. GrammarGPT-7B (Fan403

et al., 2023): A grammar error correction LLM that404

has been SFT on a grammar correction dataset.405

We also evaluated larger-scale models, includ-406

ing DeepSeek-R1-Distill-Qwen-7B (Deepseek-R1-407

7B), DeepSeek-R1-Distill-Qwen-32B (Deepseek-408

R1-32B), QwQ-32B-Preview (Team, 2024),GPT-409

4o-mini, GPT-4o, and DeepSeek-R1.410

5.1.3 Implementation Details411

We adopt Qwen2.5-1.5B-Instruct as our base LLM.412

This relatively small-scale model is chosen for its413

suitability to query correction where low latency414

and deployment cost are critical.415

All our training and testing were conducted on416

NVIDIA A100 40GB GPUs. During SFT train-417

ing, we performed LoRA (Hu et al.) fine-tuning.418

The LoRA hyperparameters were set to r=8 and419

alpha=16. Training was performed on a curated420

dataset of 1,000 samples with a batch size of 32421

and a learning rate of 5e-5. During GRPO training,422

we conducted full-parameter fine-tuning which uti-423

lized a dataset of 200 samples with a batch size424

of 8. We employed a learning rate of 1e-5 and 20425

epochs. The maximum completion length was 256426

tokens. More experimental details can be found427

in Appendix A.2 and https://anonymous.4open.428

science/r/SandwichR-C612.429

5.2 Main Results430

We evaluate the performance of our proposed431

method, SandwichR, against various baselines432

across three query correction datasets. The main 433

results are presented in Table 2. Based on the ex- 434

perimental outcomes, we draw the following con- 435

clusions: 436

SandwichR achieves superior performance. 437

As shown in Table 2, our complete method Sand- 438

wichR, refined through both SFT and RL, consis- 439

tently achieves the best correction performance 440

across all three datasets among models of simi- 441

lar scale, demonstrating the effectiveness of our 442

approach. It outperforms all traditional correction 443

models and even surpasses some untrained, larger- 444

scale models (e.g., DeepSeek-R1-32B) in correc- 445

tion performance, which underscores the crucial 446

role of our tailored two-stage training. Traditional 447

Seq2Seq models exhibit lower performance due to 448

their lack of the deep semantic understanding and 449

reasoning capabilities inherent in LLMs. Some of 450

the untrained large-scale LLMs, despite their vast 451

general knowledge, show suboptimal performance 452

due to the lack of task-specific adaptation. While 453

some larger-scale LLMs (e.g., GPT-4o) achieve 454

higher accuracy, they come with prohibitive compu- 455

tational cost and latency, making them impractical 456

for real-time search. SandwichR offers the optimal 457

balance for deployment-sensitive scenarios. 458

Effectiveness of the SandwichR Architecture. 459

To isolate the effect of the architecture, we com- 460

pare models built on the same base LLM with dif- 461

ferent reasoning formats. Post-training analysis 462

reveals that the SandwichR strategy consistently 463

outperforms both Rea-Ans and Ans-Rea structures 464

across all datasets, confirming the validity of this 465

structural design. By leveraging the autoregressive 466

nature of LLMs, this structure ensures that the rea- 467

soning process explicitly informs and refines the 468

final result (Cfinal).Crucially, the enforced consis- 469

tency between the initial (Cinit) and final results 470

allows us to achieve high efficiency (by utilizing 471

Cinit for inference) without compromising qual- 472

ity. The SandwichR structure effectively guides the 473

model to internalize the reasoning process required 474

for complex query correction. 475

RL further enhances model performance. 476

While Supervised Fine-Tuning (SFT) improves per- 477

formance to a certain extent, we observe that Rein- 478

forcement Learning (RL) consistently outperforms 479

SFT across all three datasets. This indicates that 480

RL can further optimize the model’s reasoning pref- 481

erences and alignment following SFT. It is particu- 482

larly effective for training LLMs to possess robust 483

reasoning capabilities for query correction tasks. 484
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Table 2: Performance comparison between SandwichR and the baseline on the three datasets, with the best
performance among the trained LLMs is highlighted in bold, and the second-best method is underlined.

E-commerce Video Medical
Category Models F0.5 Acc F0.5 Acc F0.5 Acc

Traditional Model mT5 SFT 0.09 0.079 0.198 0.165 0.166 0.117
BART SFT 0.150 0.124 0.303 0.27 0.377 0.35

Trained Base LLM (1.5B)

Rea-Ans SFT 0.178 0.164 0.278 0.255 0.347 0.309
Ans-Rea SFT 0.199 0.181 0.280 0.250 0.366 0.312

SandwichR SFT 0.202 0.187 0.293 0.253 0.376 0.338
Ans-Rea SFT+RL 0.211 0.200 0.316 0.292 0.392 0.363
Rea-Ans SFT+RL 0.216 0.207 0.318 0.301 0.387 0.364

SandwichR SFT+RL (Ours) 0.221 0.213 0.325 0.307 0.396 0.375

Large-scale LLM

GrammarGPT-7B 0.045 0.037 0.092 0.081 0.161 0.148
Deepseek-R1-7B 0.071 0.053 0.095 0.064 0.140 0.072

Deepseek-R1-32B 0.212 0.185 0.249 0.203 0.350 0.261
GPT-4o-mini 0.227 0.199 0.296 0.264 0.392 0.316

QwQ-32B-Preview 0.295 0.214 0.329 0.256 0.427 0.301
GPT-4o 0.299 0.259 0.354 0.310 0.475 0.384

Deepseek-R1 0.333 0.244 0.371 0.284 0.452 0.321

Table 3: Robustness under Strict Token Budgets. Time in seconds per sample. Full budget allows 256 tokens;
Limited budget simulates low-latency constraints. ∆ indicates the change from Full to Limited Budget.

Method Setting E-commerce Video Medical

Acc Time (s) Acc Time (s) Acc Time (s)

Rea-Ans
Full Budget 0.207 1.959 0.301 1.143 0.364 1.550

Limited Budget 0.000 0.457 0.000 0.484 0.009 0.900
∆ (%) -100.00 -76.67 -100.00 -57.66 -97.53 -41.94

Ans-Rea
Full Budget 0.200 1.487 0.292 2.182 0.363 1.089

Limited Budget 0.200 0.464 0.292 0.446 0.359 0.893
∆ (%) 0.00 -68.80 0.00 -79.56 -1.10 -18.00

SandwichR
Full Budget 0.213 1.613 0.307 1.174 0.375 1.683

Limited Budget 0.213 0.467 0.307 0.474 0.374 0.924
∆ (%) 0.00 -71.05 0.00 -59.63 -0.27 -45.10

5.3 Efficiency Analysis485

To evaluate the practical efficiency of different rea-486

soning formats, we conducted a comparative analy-487

sis of three reasoning formats: Rea-Ans, Ans-Rea,488

and SandwichR—under two distinct token budget489

conditions: a sufficient budget (256 tokens) and a490

strictly limited budget (20 tokens for E-commerce491

and Video queries; 40 tokens for the longer Medical492

queries) to simulate real-time, resource-constrained493

deployment scenarios with strict low-latency re-494

quirements. The results, including inference la-495

tency and accuracy, are presented in Table 3.496

Under token limits, both Ans-Rea and Sand-497

wichR significantly reduce inference time with only498

a minor accuracy drop. SandwichR stands out by499

maintaining the highest accuracy alongside low la-500

tency. In contrast, the widely-adopted standard501

CoT mode, Rea-Ans, often fails to output a final502

answer before reaching the token limit, as its initial503

reasoning consumes available tokens. SandwichR 504

overcomes this limitation and achieves 40%–70% 505

faster inference than Rea-Ans while maintaining 506

comparable accuracy. These results confirm that 507

SandwichR achieves low latency without compro- 508

mising accuracy, validating its advantage for prac- 509

tical, resource-constrained deployment. 510

5.4 Analysis of Different Error Types 511

We analyze model performances on three error 512

types: Wrong Words, Missing Words, and Dis- 513

order words as illustrated in Table 4. The overall 514

average accuracy ranks these tasks by difficulty, 515

with Disorder words being the easiest, followed by 516

Wrong Words, and Missing Words the most chal- 517

lenging. SandwichR shows consistent advantages: 518

it achieves the best accuracy for the hardest task 519

Missing Words on both Medical and E-commerce 520

datasets, for Wrong Words on Medical, and for 521
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Table 4: Analysis of accuracy of Different Error Types for SFT+RL Models on Three Datasets.Best performance
among each error type and dataset is highlighted in bold.

Dataset Model Wrong Words Missing Words Disorder words

Medical
Ans-Rea 0.3904 0.3003 0.3982
Rea-Ans 0.3694 0.3003 0.4222

SandwichR 0.3934 0.3153 0.4162

E-commerce
Ans-Rea 0.1862 0.1317 0.2823
Rea-Ans 0.1532 0.1407 0.3273

SandwichR 0.1892 0.1467 0.3033

Video
Ans-Rea 0.2733 0.2312 0.3713
Rea-Ans 0.2853 0.2492 0.3683

SandwichR 0.2913 0.2462 0.3832

Average – 0.2813 0.2291 0.3636

Table 5: Ablation Study on Training Components

Models E-commerce Video Medical

F0.5 Acc F0.5 Acc F0.5 Acc

SandwichR SFT+RL 0.221 0.213 0.325 0.307 0.396 0.375
w/o Reject Sampling 0.217 0.196 0.313 0.293 0.383 0.351

SandwichR SFT 0.202 0.187 0.293 0.253 0.376 0.338

Disorder words on Video. It outperforms Ans-Rea522

in all 9 (Dataset × Error Type) categories and sur-523

passes Rea-Ans in 6 out of 9. This robust and524

comprehensive performance across diverse errors525

highlights the effectiveness of the Sandwich Rea-526

soning paradigm in providing reliable correction.527

We also conducted multi-task merged training528

(details in Appendix A.3), which yielded better529

performance by enabling the model to learn gener-530

alizable features from cross-task data.531

5.5 Ablation Study532

The ablation study as illustrated in Table 5 vali-533

dates the contribution of each training component.534

Applying GRPO on top of CoT-finetuned provides535

a consistent performance gain across all datasets.536

Furthermore, removing the Reject Sampling strat-537

egy leads to a noticeable drop in accuracy, which538

confirms that our data selection strategy is crucial539

for identifying and learning from valuable “border-540

line” cases during RL training.541

5.6 Data Efficiency of RL Training542

To verify the data efficiency of the RL train-543

ing stage, we scaled the training data on the E-544

commerce dataset. As shown in Figure 4, increas-545

ing the data size from 200 to 500 and even 1000546

samples did not lead to significant performance547

gains. This indicates that RL training combined548

with rejection sampling is highly data-efficient, al-549

lowing the model to converge quickly by learning550

from a small set of high-quality “borderline” exam-551

200 500 10000.19

0.20

0.21

0.22

0.23

0.24

0.221
0.218

0.226

0.215
0.209

0.216

F0.5
Accuracy

Figure 4: Performance Comparison of SandwichR with
different RL training data sizes on E-commerce Dataset.
The X-axis represents the RL training data size.

ples. Consequently, we selected the configuration 552

of 200 samples as it offers an optimal balance be- 553

tween performance and computational cost. 554

6 Conclusion 555

In this paper, we tackle the core accuracy-latency 556

dilemma in real-world query correction by propos- 557

ing Sandwich Reasoning (SandwichR), a novel 558

“Answer–Reasoning–Answer” generation frame- 559

work. It evolves from the conventional robust 560

yet high-latency Reasoning–Answer paradigm 561

and its low-latency but less robust variant An- 562

swer–Reasoning. By front-loading the answer 563

while aligning it with subsequent reasoning, Sand- 564

wichR ensures the first answer both fast and accu- 565

rate, as it can benefit from the model’s reasoning 566

capability. We achieve this through the consistency- 567

aware reinforcement learning strategy, which em- 568

ploys a consistency reward that forces the initial 569

answer to align with the reasoning-enhanced fi- 570

nal answer, thereby transforming the initial answer 571

from a blind guess into a pre-emptive output that 572

incorporates reasoning benefits. Extensive experi- 573

ments validate that SandwichR effectively balances 574

high precision with low latency, presenting a prac- 575

tical solution for deployment-sensitive scenarios. 576
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7 Limitations577

Despite its superior correction performance and578

high efficiency, SandwichR still has several limi-579

tations: In this paper, due to resource constraints,580

we only conducted experiments using a publicly581

available large language model (LLM) with a scale582

of 1.5 billion parameters. Employing larger-scale583

LLMs with richer world knowledge as a com-584

ponent of SandwichR is expected to yield bet-585

ter correction performance. Furthermore, with586

advances in LLM research, techniques such as587

Retrieval-Augmented Generation (RAG) (Jin et al.,588

2025; Zhang et al., 2025a)—which rely on external589

knowledge bases—offer opportunities to correct590

queries beyond real-time knowledge and the inter-591

nal knowledge of the model. In future work, we592

plan to further improve the query correction perfor-593

mance by integrating these techniques.594
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A Appendix726

A.1 Prompts727

This section presents the detailed prompt tem-728

plates used for training and evaluation of the three729

reasoning formats: Reasoning-Answer, Answer-730

Reasoning, and our proposed SandwichR. Each731

prompt is designed to instruct the model to fol-732

low a specific output structure while perform-733

ing query correction. In these templates, we734

use colored tags to indicate different components:735

the <reasoning>...</reasoning> tags indicate736

the reasoning trace, the <answer>...</answer>737

tags indicate the corrected query output, and the 738

[original query] placeholder represents the ac- 739

tual input query. The prompt structure explicitly 740

defines the output format, ensuring the model gen- 741

erates responses in the desired sequence. 742

Reasoning-Answer:
You are a Chinese text error correction tool that can
detect and correct errors in the text. Please check
the errors in the following text, correct them, modify
only the erroneous parts while keeping the original
sentence structure as much as possible, provide your
reasoning process, and output the corrected version.
Please strictly use the following format for your reply:
<reasoning> (briefly analyze the location, type, and
basis of the error) </reasoning> \n <answer> (output
the corrected full text) </answer>. [original query]

743

Answer-Reasoning:
You are a Chinese text error correction tool that can
detect and correct errors in the text. Please check
the errors in the following text, correct them, modify
only the erroneous parts while keeping the original
sentence structure as much as possible, first output
the corrected version, and then provide your reason-
ing process. Please strictly use the following format
for your reply: <answer> (output the corrected full
text) </answer> \n <reasoning> (briefly analyze the
location, type, and basis of the error) </reasoning>.
[original query]

744

SandwichR :
You are a Chinese text error correction tool that can
detect and correct errors in the text. Please check the
errors in the following text, correct them, modify only
the erroneous parts while keeping the original sentence
structure as much as possible, first output the corrected
version, then provide your reasoning process, and fi-
nally output the corrected version again. Please strictly
use the following format for your reply: <answer>
(first output the corrected full text) </answer> \n <rea-
soning> (briefly analyze the location, type, and basis
of the error) </reasoning> \n <answer> (output the
corrected full text again) </answer>. [original query]

745

A.2 More Implementation Details 746

During SFT training, we performed LoRA (Hu 747

et al.) fine-tuning. The LoRA hyperparameters 748

were set to r=8 and alpha=16. Training was per- 749

formed on a curated dataset of 1,000 samples with 750

a batch size of 32 and a learning rate of 5e-5. The 751

model was trained for 30 epochs, and the check- 752

point that achieved the best performance on the val- 753

idation set was selected. This optimal checkpoint 754

served both as the final model for the SFT stage 755

evaluation and as the initial policy model for the 756

subsequent GRPO training. During GRPO training, 757

we conducted full-parameter fine-tuning which uti- 758
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Table 6: Performance Comparison: Single Mixed-
Domain Model trained on combined data vs. Three
Domain-Specific Models trained separately on each
dataset using the same two-stage training strategy.

Training Strategy E-commerce Video Medical

F0.5 Acc F0.5 Acc F0.5 Acc

Mixed-Domain (Single Model) 0.209 0.201 0.343 0.334 0.425 0.407
Domain-Specific (Three Models) 0.221 0.213 0.325 0.307 0.396 0.375

lized a dataset of 200 samples with a batch size of 8.759

We employed a learning rate of 1e-5 and 20 epochs.760

with a cosine decay schedule, which decreased to761

a final value of 1e-6. The maximum completion762

length was 256 tokens. Models were trained for 20763

epochs. and the checkpoint that performed best on764

the validation set was selected for final evaluation.765

A.3 Task Merging766

We conducted a task merging experiment to evalu-767

ate the generalization capability of our SandwichR768

method. A single unified SandwichR model was769

trained on the combined datasets from all three do-770

mains (total 3,000 SFT and 600 GRPO samples),771

using the same training strategy, and compared772

against three domain-specific models trained sepa-773

rately on each individual dataset.774

Results as shown in Table 6 demonstrate a clear775

cross-domain transfer effect: the unified model776

outperformed the domain-specific models on the777

Video and Medical datasets. However, its perfor-778

mance on the E-commerce dataset was slightly779

lower than that of the model trained solely on E-780

commerce data. We attribute this pattern to two781

factors: (1) the inherent difficulty and lower base-782

line accuracy of the E-commerce task (as shown783

in Table 1 of the main paper), and (2) during joint784

training, the model likely prioritized learning pat-785

terns from the relatively simpler Video and Medical786

tasks, which exhibit more regular error patterns and787

clearer correction boundaries.788
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