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Abstract001

LLMs are increasingly used for learner-facing002
writing support, yet grammatical error correc-003
tion lacks cognitively aligned training, peda-004
gogically curated data, and interpretable feed-005
back. We present THINKGEC, a three-stage006
framework grounded in Corder’s identifica-007
tion–description–explanation paradigm, com-008
prising knowledge elicitation from expert an-009
notations, knowledge injection via supervised010
fine-tuning, and explanation through GRPO-011
guided self-revision. To support this frame-012
work, we release De10K, an education-oriented013
German GEC corpus containing 2,899 essays014
and 14,330 expert-annotated errors across di-015
verse topics and proficiency levels. Experi-016
ments demonstrate that THINKGEC substan-017
tially outperforms strong baselines, improves018
precision, mitigates over-correction, and gen-019
eralizes to held-out semantically driven error020
types. Further analysis investigates model scale021
and reinforcement design, crucially revealing022
the complexity-dependent efficacy of reason-023
ing trajectories, which benefits structural re-024
pairs but proves redundant for surface-level er-025
rors. THINKGEC delivers interpretable, ped-026
agogically aligned rationales, advancing both027
the accuracy and educational value of LLM-028
based GEC. Our code and dataset are available029
at: https://anonymous.4open.science/r/030
ThinkGEC-04E7031

1 Introduction032

The rapid advancement of Large Language Mod-033

els (LLMs) has driven remarkable progress across034

a wide range of domain-specific text generation035

tasks, including legal drafting (Guha et al., 2023),036

medical question answering (Liu et al., 2024), and037

code generation (Jimenez et al., 2024). In partic-038

ular, education-oriented applications have gained039

increasing attention, such as subject-based tutoring040

(Jiang and Jiang, 2024), automated mathematical041

problem solving (Shao et al., 2024), and classroom042

feedback simulation (Zhang et al., 2024). Owing043

to their multilingual and interactive capabilities,044

LLMs are now being increasingly adopted to sup- 045

port second language learning, most notably in 046

essay writing and Grammatical Error Correction 047

(GEC) (Liang et al., 2025; Liu et al., 2025a; Li and 048

Lan, 2025), where models assist learners by identi- 049

fying and revising linguistic errors in their written 050

texts. 051

Traditional GEC approaches have evolved 052

through distinct paradigms, primarily dominated 053

by sequence labeling methods like GECToR 054

(Omelianchuk et al., 2020) and encoder-decoder 055

Seq2Seq models (Zhao and Wang, 2020; Ye et al., 056

2023; Rothe et al., 2021; Zhou et al., 2023; Zhang 057

et al., 2022b; Fang et al., 2023). These systems 058

typically treat correction as a direct end-to-end 059

mapping from erroneous to corrected text. While 060

effective in producing fluent outputs, they overlook 061

explicit linguistic reasoning and constraints such 062

as minimal edits and meaning preservation. Recent 063

LLM-based systems, such as GrammarGPT (Fan 064

et al., 2023) and task-decomposition frameworks 065

like CoTask (Liu et al., 2025a) and ExCGEC (Ye 066

et al., 2025) benefit from large-scale pretraining. 067

Yet, despite introducing alignment mechanisms 068

(Liang et al., 2025), their highly coherent rewrit- 069

ing often leads to overcorrection and obscures the 070

intermediate reasoning steps, offering little inter- 071

pretability for beginner language learners. Con- 072

sequently, building learner-oriented GEC systems 073

with off-the-shelf models is non-trivial. 074

We identify three major limitations that hinder 075

the effective use of LLMs for learner-oriented GEC: 076

1) Insufficient Fine-grained Learner Data: de- 077

spite the abundance of multilingual pre-training 078

text corpora, there is a lack of educationally cu- 079

rated datasets that capture learner-specific errors 080

across proficiency levels and instructional contexts. 081

Existing resources rarely include fine-grained anno- 082

tations that reflect how learners make and correct 083

mistakes. 2) Cognitively Inconsistent Correction 084

Process: Current one-shot correction paradigms 085

treat GEC as a direct transformation from error 086

to correction, ignoring the step-by-step reasoning 087
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and incremental feedback that characterize human088

grammatical learning. This lack of cognitive align-089

ment with how humans process and understand er-090

rors creates confusion for entry-level learners, who091

often see what was corrected but fail to grasp why092

or how the correction was made. 3) Absence of093

Interpretable Feedback: Most existing systems094

provide fluent rewrites without explicit justifica-095

tions or linguistic explanations, offering limited096

pedagogical value. For educational scenarios, in-097

terpretability is essential, not only for evaluating098

model reliability but also for supporting learners’099

awareness and self-correction ability.100

To address these limitations, we present101

THINKGEC, a cognitively aligned, three-stage102

framework for GEC grounded in Corder’s classical103

error processing theory (Corder, 1975) and sec-104

ond language acquisition principles. Our approach105

bridges linguistic reasoning with machine learning,106

modeling human-like correction behavior through107

sequential stages of identification, description,108

and explanation.109

To support this framework, we introduce De10K,110

the first linguistically grounded and pedagogically111

curated corpus for German GEC. Developed over112

3 years of interdisciplinary collaboration with ped-113

agogical experts with decades of German educa-114

tion experience, De10K contains 2,899 essays and115

14,330 manually annotated error instances. The116

dataset covers a wide range of topics and learner117

proficiency levels, ensuring both linguistic depth118

and educational representativeness.119

Aligned with human cognitive reasoning in GEC,120

THINKGEC formalizes these three stages through:121

(1) knowledge elicitation via identification-oriented122

data enhancement, (2) knowledge injection through123

supervised fine-tuning (SFT), and (3) iterative self-124

revision guided by Group Relative Policy Optimiza-125

tion (GRPO). Experimental results demonstrate126

that our approach not only achieves high accu-127

racy in grammatical categorization but also exhibits128

strong generalization to out-of-domain (OOD) writ-129

ing tasks, providing interpretable and pedagogi-130

cally meaningful correction trajectories.131

Our key contributions are concluded as follows:132

1) We introduce De10K, a linguistically principled133

and educationally oriented German GEC dataset134

that provides fine-grained, expert-annotated error135

representations aligned with real learner contexts.136

2) We propose THINKGEC, a unified GEC frame-137

work that bridges human cognitive strategies with138

machine learning by integrating structured linguis-139

tic knowledge into data construction and reasoning-140

based optimization.141

3) We demonstrate THINKGEC’s superior per- 142

formance and analyze model scale and reinforce- 143

ment design, crucially revealing the complexity- 144

dependent efficacy of reasoning for structural ver- 145

sus surface-level errors. 146

2 Related Work 147

A comprehensive review of GEC datasets, tradi- 148

tional methodologies, and LLM-based approaches 149

is detailed in Appendix B. 150

GEC Datasets. High-quality datasets are founda- 151

tional to GEC. While English and Chinese benefit 152

from large-scale benchmarks like BEA-19 (Bryant 153

et al., 2019) and MuCGEC (Zhang et al., 2022a), 154

resources for German remain scarce. Existing 155

learner corpora such as Falko (Reznicek et al., 156

2012) and Merlin (Boyd et al., 2014) primarily 157

focus on surface-level error tags. Crucially, they 158

lack the fine-grained, pedagogically oriented anno- 159

tations required to support diagnostic reasoning in 160

LLMs. 161

Methodologies. Traditional GEC approaches 162

evolved through Seq2Edit (Omelianchuk et al., 163

2020) and Seq2Seq (Rothe et al., 2021) paradigms. 164

Recently, LLMs have introduced a new paradigm 165

leveraging instruction tuning (Fan et al., 2023) and 166

task-decomposition strategies (Liu et al., 2025a). 167

Despite these advancements, most methods still 168

treat correction and reasoning as separate or im- 169

plicit processes, often leading to over-correction. 170

Unlike reinforcement learning approaches that rely 171

on large-scale preference pairs (Liang et al., 2025), 172

THINKGEC explicitly models the cognitive work- 173

flow of identification, description, and explanation, 174

optimizing it via GRPO without requiring massive 175

parallel corpora. 176

3 Methodology 177

3.1 Preliminary 178

Our GEC task aims to automatically detect and 179

correct linguistic errors in texts produced by non- 180

native speakers. Rooted in second language acqui- 181

sition theory, Corder’s seminal framework concep- 182

tualizes error processing as a three-stage cognitive 183

sequence: identification, description, and explana- 184

tion of learner errors (Corder, 1975). This sequence 185

captures the reasoning process human annotators 186

follow: first identifying linguistic anomalies, then 187

describing them through classification taxonomies, 188

and finally explaining them by generating appropri- 189

ate corrections. It not only illustrates the cognitive 190

structure underlying manual correction but also 191

provides an interpretable analogy for designing 192
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Figure 1: The overall pipeline of THINKGEC, comprising three core components: (1) GEC Knowledge Elicitation
(2) GEC Knowledge Injection and (3) Learning to Explain.

computational GEC systems.193

Building on this insight, we formulate GEC as194

an iterative refinement process guided by struc-195

tured linguistic knowledge, as illustrated in Fig-196

ure 1. Our proposed THINKGEC framework mir-197

rors Corder’s cognitive sequence (Corder, 1975)198

and decomposes GEC into three corresponding199

stages:200

1) Identification: the recognition of gram-201

matical abnormalities corresponds to knowledge202

elicitation, where LLMs are guided through an203

annotation-to-reasoning protocol that transforms204

discrete error labels into explicit linguistic ratio-205

nales. This stage bridges human error recognition206

and model understanding by making expert annota-207

tion knowledge interpretable and learnable.208

2) Description: the categorization of errors cor-209

responds to SFT with knowledge injection, align-210

ing model predictions with labeled examples and211

establishing a structured mapping between error212

types and corrective semantics. This enables the213

model to internalize both the what and why behind214

each error.215

3) Explanation: the generation of justified cor-216

rections corresponds to GRPO (DeepSeek-AI et al.,217

2025), where the model iteratively samples revi-218

sions and refines its outputs through composite219

rewards, mirroring how humans improve grammat-220

ical competence through feedback and refinement.221

Unlike traditional end-to-end models that treat222

correction as a black-box mapping, our formulation223

explicitly models the cognitive diagnostic process224

of a human tutor, ensuring that corrections are not225

just statistically probable but linguistically justified.226

Together, these stages form the foundation of our227

THINKGEC framework, and subsequent sections 228

detail how each stage is instantiated. 229

3.2 Stage 0: Building De10K with 230

Multi-Layered Expert Annotation 231

To support the identification and knowledge elic- 232

itation stages in our THINKGEC framework, we 233

propose De10K. Distinct from existing corpora 234

like Falko (Reznicek et al., 2012) and Merlin 235

(Boyd et al., 2014) that primarily focus on surface- 236

level correctness, De10K stands as the first Ger- 237

man GEC benchmark featuring a multi-layered, 238

pedagogically oriented error typology. Build 239

upon the Chinese Learners of German Corpus 240

(CDLK)(Li and Wu, 2024), De10K collects au- 241

thentic learner writing samples from German learn- 242

ers at various proficiency levels and categorizes 243

errors based on a typology specifically designed 244

for Chinese learners of German. Its fine-grained 245

annotation scheme (spanning 63 sub-categories) 246

provides the precise structural signals requisite for 247

inducing diagnostic reasoning in LLMs, offering 248

value for broader L2 German acquisition research. 249

We selected 3,843 learner essays for in-depth 250

linguistic annotation. After filtering for syntac- 251

tic and morphosyntactic deviations, we extracted 252

14,330 error-containing sentences from 2,899 dis- 253

tinct learner texts. De10K offers a linguistically 254

grounded and pedagogically relevant resource for 255

training and evaluating GEC systems focused on 256

German as a Second Language. Key strengths of 257

the dataset include: (1) authentic, topic-diverse 258

writing samples that reflect real learner experiences; 259

(2) broad representativeness across learner profi- 260

ciency levels, age groups, and educational back- 261
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Error Category Train Test Total Dist. (%)

Orth 4,242 483 4,725 27.8%
MorSyn 2,472 258 2,730 16.0%
Wortstellung 1,364 163 1,527 9.0%
Valenz 2,949 341 3,290 19.3%
Syn 4,211 529 4,740 27.9%

Table 1: Distribution of Error Types Across Training
and Test Sets.

grounds; (3) fine-grained, multi-level annotations,262

informed by linguistic theory, that provide deep263

insight into error patterns in L2 German writing.264

Table 1 presents the statistics of De10K across265

different proficiency levels and error categories.266

The distribution reveals a realistic imbalance, with267

structural errors constituting a significant portion,268

thereby posing a greater challenge for syntactic269

reasoning compared to simple orthographic correc-270

tions.271

Further details on the dataset and annotation pro-272

cess are provided in Appendix D.273

3.3 Stage 1: Formalizing Error Identification274

through Knowledge Elicitation275

The De10K corpus provides token-level error an-276

notations with span and type labels derived from a277

fine-grained, theory-driven taxonomy. While these278

symbolic annotations precisely locate morpho-279

syntactic and lexical errors, they lack the natural-280

language warrant, an explanatory reasoning that281

justifies why a span constitutes an error, what282

grammatical constraint is violated, and how the283

annotation decision is made. Without such explicit284

rationales, LLMs struggle to infer the linguistic285

principles underlying error identification.286

To bridge this gap, we design a knowledge elici-287

tation pipeline that transforms discrete annotation288

labels into interpretable, pedagogically grounded289

rationales. Using an off-the-shelf LLM as an290

expert-in-the-loop, we induce reasoning trajec-291

tories in two steps:292

Step 1: Error Scope Verbalization. Given293

an erroneous sentence and its gold error span, the294

model generates a natural-language description of295

the deviation’s position and surface realization, con-296

verting positional tags into explicit scope specifica-297

tions.298

Step 2: Error Classification Reasoning. Con-299

ditioned on the original sentence and the gener-300

ated scope, the model infers the error type us-301

ing grammatical constraints (e.g., agreement, sub-302

categorization), producing a reasoning trajectory303

that mirrors human annotation logic.304

See Appendix F.1 for instruction templates.305

Each synthetic example includes detection, scope,306

and reasoning-based classification, converting im- 307

plicit expert knowledge into explicit narrative su- 308

pervision. This enriched corpus forms the basis of 309

Stage 2, where SFT injects these elicited rationales 310

into the model’s representation, aligning linguistic 311

identification with human reasoning. 312

3.4 Stage 2: Learning Error Description 313

through Knowledge Injection 314

To instill human-aligned reasoning into the LLM, 315

we perform SFT on a dialogue-based synthetic 316

dataset. This process transforms structured linguis- 317

tic annotations (e.g., error spans, type labels) into 318

naturalistic, multi-turn correction dialogues that 319

explicitly model the diagnostic reasoning chain. 320

By training on these pedagogical interactions, the 321

model internalizes not only What to correct, but 322

also How and Why, thereby acquiring robust syntac- 323

tic correction capabilities. Distinct from standard 324

SFT method (Fan et al., 2023) that optimizes solely 325

for the final rewritten text, our paradigm enforces 326

process supervision, compelling the model to inter- 327

nalize the syntactic rules governing the error before 328

executing the edit. 329

Formally, we construct a training dataset pair- 330

ing prompt-augmented inputs with target reasoning 331

trajectories consisting of natural language descrip- 332

tions of the error scope and type. The model is 333

optimized to maximize the conditional likelihood 334

of generating these reasoning steps (formal objec- 335

tives are detailed in Appendix C), yielding a re- 336

fined model Mθ′ which serves as a strong refer- 337

ence policy for subsequent stages of the pipeline. 338

Through this knowledge-injected SFT phase, the 339

model learns to condition its generation not only on 340

the input sentence but also on structured diagnos- 341

tic reasoning, laying the foundation for advanced 342

correction strategies. 343

3.5 Stage 3: Learning to Explain via GRPO 344

Prior work (Liu et al., 2025a; Liang et al., 2025) 345

has demonstrated the efficacy of SFT in establish- 346

ing a basic correction paradigm, particularly in 347

high-resource English settings. However, for low- 348

resource languages like German, relying solely on 349

SFT is insufficient. It restricts the model to passive 350

imitation of limited references, often resulting in 351

overfitting rather than robust syntactic generaliza- 352

tion. While reinforcement learning could mitigate 353

this, popular preference optimization methods (e.g., 354

DPO, EPO (Liang et al., 2025)) depend heavily on 355

large-scale, high-quality paired annotations, which 356

are unavailable in the scarce German GEC land- 357

scape. 358
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To overcome these limitations, we employ359

GRPO to leverage the syntactic priors embedded in360

pre-trained LLMs. Unlike SFT’s rigid mimicry or361

DPO’s reliance on extensive paired data, GRPO362

optimizes policies by contrasting multiple self-363

generated outputs. This iterative, trial-based learn-364

ing process, where policies are refined through365

feedback over multiple correction attempts, mir-366

rors how humans acquire grammatical compe-367

tence through repeated practice and iterative368

refinement.369

Building upon the SFT-initialized policy Mθ′ ,370

we perform reinforcement learning to further refine371

the model’s correction behavior. At each train-372

ing step, for each erroneous sentence x and fixed373

prompt p, we sample a set of candidate outputs374

from the current policy, where each output repre-375

sents a reasoning trajectory or corrected text. The376

reward advantage for each output is calculated by377

normalizing the rewards within the sampled group.378

Specifically, the reward is assigned to the corrected379

output using the M2 Scorer (Dahlmeier and Ng,380

2012), which evaluates precision, recall, and the381

F0.5-score between the original and corrected text382

pairs.383

Following recent GRPO variants (Yu et al., 2025;384

Liu et al., 2025b), we adopt an optimization objec-385

tive that integrates an upper-bound clipping strat-386

egy with a direct KL penalty to stabilize training387

(formal definition provided in Appendix C). This388

objective applies asymmetric clipping bounds to389

the likelihood ratio to restrict drastic policy up-390

dates, while the KL divergence penalty prevents391

the current policy from deviating excessively from392

the SFT reference model Mθ′ .393

By using GRPO, the model learns to refine its394

correction strategy iteratively, improving its abil-395

ity to make contextually appropriate corrections396

while balancing correctness, fluency, and minimal397

modification.398

4 Experiments399

4.1 Datasets and Evaluation400

We conduct experiments on two datasets to verify401

both specific efficacy on German and broad gener-402

alization across languages.403

German De10K. We use the De10K corpus con-404

structed in this work, categorizing errors into six405

major types. We utilize five types for training and406

reserve the Semantically-driven Error category to407

evaluate the model’s generalization ability on un-408

seen error patterns. The training split contains409

12,897 annotated sentences, and evaluation is per-410

formed on a held-out test set of 1,433 sentences.411

English Generalization Benchmark. To assess 412

the framework’s adaptability to other languages 413

under similar data constraints, we simulate a low- 414

resource setting using the Low Resource Track 415

of the BEA-2019 (Bryant et al., 2019) dataset for 416

training. Performance is reported on the standard 417

CoNLL-2014 (Ng et al., 2014) and BEA-2019 test 418

sets. 419

Evaluation Metrics. We employ a composite 420

protocol to capture both precision and semantic 421

quality: (1) M2 Scorer: We compute Precision, 422

Recall, and F0.5 using the standard MaxMatch al- 423

gorithm. We prioritize F0.5 to better reflect cor- 424

rection quality by penalizing false positives. (2) 425

LLM-based Judge: Recognizing that reference- 426

based metrics may penalize valid alternative cor- 427

rections, we adopt the Semantic-incorporated Eval- 428

uation (SEE) framework (Li et al., 2025). Unlike 429

rigid string matching, SEE leverages an LLM to as- 430

sess semantic correctness, ensuring that reasonable 431

edits absent from gold data are fairly evaluated. 432

4.2 Base Models and Baselines 433

Base Models. We evaluate our framework on 434

Qwen3 (Yang et al., 2025) and LLaMA3.1 435

(Grattafiori et al., 2024). Experiments primarily uti- 436

lize their 8B variants, with an ablation on Qwen3- 437

4B to analyze scaling effects. 438

Baselines. To rigorously evaluate THINKGEC, 439

we benchmark against a diverse set of systems 440

ranging from traditional architectures to strong pro- 441

prietary LLMs. For traditional methods, we in- 442

clude GECToR (Omelianchuk et al., 2020), a robust 443

encoder-based sequence tagging model. For LLM- 444

based systems, we compare against strong propri- 445

etary models and open-source instruction-tuning 446

baselines, including Standard SFT and Chain-of- 447

Task (Liu et al., 2025a), a recent framework that 448

also decomposes GEC into sub-tasks. To dissect 449

our framework’s contributions, we further examine 450

internal variants such as Reasoning Ablation and 451

Optimizer Substitution. Regarding the latter, we 452

validate our reinforcement strategy by comparing 453

GRPO against DAPO (Yu et al., 2025). Notably, 454

we do not employ preference-based optimization 455

methods like DPO or EPO (Liang et al., 2025), as 456

standard GEC corpora lack the high-quality chosen- 457

rejected pairs required for these algorithms. 458

4.3 Main Result 459

The main results are summarized in Table 3. 460

Overall Performance. Across all base models 461

and training configurations, the THINKGEC frame- 462

work consistently outperforms strong baselines 463
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Model Orth MorSyn Wortstellung Valenz Syn

P R F0.5 P R F0.5 P R F0.5 P R F0.5 P R F0.5

Traditional Method

GECToR 61.11 26.40 48.39 51.79 23.20 41.55 50.98 24.30 41.80 79.56 63.74 75.80 66.67 37.60 57.74

Qwen3-8B

Base 62.80 62.80 62.80 67.83 62.40 66.67 72.41 58.88 69.23 64.23 51.46 61.20 52.68 47.20 51.48
+SFT 66.67 68.00 66.93 71.65 72.80 71.88 75.00 61.68 71.90 78.31 76.02 77.84 64.61 62.80 64.24
+CoTask 67.32 69.20 67.68 68.55 68.00 68.44 71.26 57.94 68.13 78.62 73.10 77.45 65.98 63.60 65.49
+THINKGEC 71.71 74.00 72.15 74.22 76.00 74.57 81.32 69.16 78.56 77.40 80.12 77.93 61.63 60.40 61.38

LLaMA3.1-8B

Base 53.14 64.40 55.06 55.92 68.00 57.98 64.76 63.55 64.52 46.08 54.97 47.62 40.38 50.40 42.06
+SFT 67.94 71.20 68.57 67.94 71.20 68.57 75.28 62.62 72.35 80.84 78.95 80.45 60.54 63.20 61.05
+CoTask 68.90 70.00 69.12 71.07 68.80 70.61 76.74 61.68 73.17 75.29 74.85 75.21 61.37 57.20 60.49
+THINKGEC 71.92 74.80 72.48 70.68 75.20 71.54 73.03 60.75 70.19 79.52 77.19 79.04 64.05 62.00 63.63

Leading LLMs

GPT-4o 68.81 81.20 70.98 67.83 77.60 69.58 68.22 68.22 68.22 62.76 71.93 64.40 50.00 60.40 51.78
GPT-o1 63.89 82.80 66.95 62.34 76.80 64.78 64.46 72.90 65.99 62.93 75.44 65.09 44.35 59.60 46.74
Gemini3-Flash 59.26 83.20 62.88 64.15 81.60 67.02 62.18 69.16 63.46 64.90 78.95 67.30 44.94 64.00 47.79

Table 2: Performance comparison on the GEC benchmark under avg@5, with error categories following our
typology. Best scores are bolded; this evaluation protocol and formatting are maintained in all subsequent tables.

in F0.5 score, confirming its effectiveness for464

GEC. Notably, it surpasses traditional methods like465

GECToR and recent multi-stage instruction tuning466

frameworks such as CoTask, verifying the supe-467

riority of our specific reasoning-enhanced design.468

When applied to Qwen3-8B and LLaMA3.1-8B,469

THINKGEC achieves an average gain of +2.0 F0.5470

over SFT. These gains are consistent across model471

families, indicating that the benefits of our frame-472

work generalize beyond specific LLM architectures.473

Moreover, THINKGEC surpasses larger propri-474

etary systems, setting a new benchmark for syntac-475

tically aware correction. Despite architectural and476

scale differences among base LLMs, THINKGEC477

consistently delivers substantial improvements, un-478

derscoring its robustness and adaptability to diverse479

pretrained backbones.480

Fine-grained Analysis. To understand the source481

of improvements, Table 2 further details perfor-482

mance by grammatical error type. THINKGEC483

yields clear improvements across all categories,484

with the largest gains observed for morphologically485

and lexically localized errors. For more complex486

cases involving long-range dependencies or struc-487

tural reordering, the improvement narrows, sug-488

gesting that GRPO’s effectiveness depends on the489

syntactic plausibility of sampled candidate correc-490

tions. In such settings, generating well-formed yet491

semantically faithful alternatives remains challeng-492

ing.493

Correction Tendency and Semantic Fidelity.494

Performance gains primarily stem from higher pre-495

cision, with a modest reduction in recall. This496

trade-off aligns with established GEC evaluation497

preferences, where avoiding false corrections is498

more desirable than over-editing (Ng et al., 2014). 499

In effect, THINKGEC mitigates the over-correction 500

tendency common in LLMs. Moreover, this obser- 501

vation is further contextualized by the SEE results 502

on the right of Table 3. Under this semantic-aware 503

metric, THINKGEC not only maintains its lead 504

over SFT but also demonstrates improvements in 505

both Precision and Recall. This contrasts with the 506

M2 Scorer findings, suggesting that the reasoning- 507

guided model successfully generates valid correc- 508

tions that are semantically faithful, even if they 509

deviate from the rigid gold reference. 510

Model M2 Scorer SEE

P R F0.5 P R F0.5

Traditional Method

GECToR 68.03 31.30 55.10 38.82 26.12 35.38

Qwen3-8B

Base 63.73 45.67 59.06 56.03 51.77 55.13
+SFT 71.57 60.38 69.02 65.76 63.43 65.28
+CoTask 72.10 57.55 68.63 64.38 61.06 63.69
+THINKGEC 74.85 59.60 71.21 69.52 67.57 69.12

LLaMA3.1-8B

Base 55.03 51.45 54.27 54.58 53.38 54.33
+SFT 72.95 61.40 70.31 63.84 63.84 63.84
+CoTask 73.06 56.88 69.13 63.68 59.38 62.77
+THINKGEC 75.19 61.78 72.06 66.99 63.94 66.36

Leading LLMs

GPT-4o 66.84 63.99 66.25 - - -
GPT-o1 63.25 67.24 64.01 - - -
Gemini3-Flash 62.26 69.19 63.53 - - -

Table 3: Main Results on the De10K dataset Across
Different Approaches.

4.4 Generalization Capabilities 511

We evaluate the generalization capability of 512

THINKGEC from two perspectives: robustness to 513

unseen error patterns within German, and adapt- 514

ability to English under low-resource constraints. 515
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Figure 2: Performance comparison on the Semantically-
driven Error category.

Generalization to Unseen Error Types. Gener-516

alization to unseen error types remains a central517

challenge in GEC due to the open-ended variability518

of learner language. To evaluate this capability,519

we test models on a held-out Semantically-driven520

Error category entirely excluded from training, as521

shown in Figure 2. SFT performs poorly under this522

setting, reflecting its dependence on memorized523

correction patterns.524

In contrast, THINKGEC achieves substantially525

higher F0.5 scores, demonstrating stronger reason-526

ing and generalization beyond the training distribu-527

tion.528

These gains arise from its three-stage optimiza-529

tion framework, which promotes linguistic ab-530

straction through iterative comparison and reward-531

guided refinement. By assessing candidate correc-532

tions for grammatical plausibility and contextual533

coherence, the model learns correction principles534

that transfer to unseen phenomena. This ability to535

generalize beyond annotated coverage is essential536

for real-world deployment, where learner errors are537

far more diverse than training data. THINKGEC538

thus improves both robustness and adaptability, ex-539

tending its advantages from in-domain to genuinely540

open-domain GEC.541

Model CoNLL-14 BEA-19

P R F0.5 P R F0.5

Traditional Method

GECToR 56.11 16.82 38.25 65.61 31.64 54.01

Qwen3-8B

Base 59.50 50.78 57.52 58.87 64.88 59.98
+SFT 64.83 51.41 61.62 70.10 66.09 69.26
+THINKGEC 68.33 51.91 64.27 75.01 66.91 73.24

Table 4: Cross-lingual results on English benchmarks.
THINKGEC achieves superior Precision and F0.5 score.

Cross-Lingual Generalization. Given that most542

real-world GEC scenarios lack massive parallel543

corpora, we assessed the framework’s adaptability544

by simulating a low-resource setting on English545

GEC benchmarks. As shown in Table 4, while546

traditional methods struggle in data-scarce scenar-547

ios, THINKGEC consistently outperforms the SFT548

baseline across both CoNLL-14 and BEA-2019 549

benchmarks. This improvement, particularly in pre- 550

cision, confirms that the Identification-Description- 551

Explanation workflow is language-agnostic. By 552

enforcing explicit reasoning, the framework ef- 553

fectively mitigates over-correction, demonstrating 554

robust generalization to languages with different 555

grammatical rules. 556

5 Analysis 557

This section provides a comprehensive analysis of 558

the key factors contributing to the performance of 559

THINKGEC: reasoning trajectories, model scale, 560

and reinforcement optimization. All experiments 561

are conducted under controlled settings to ensure 562

valid comparisons. 563

5.1 Impact of Reasoning Trajectories 564

We examine the effect of reasoning trajectories 565

on syntactic error correction under two training 566

paradigms: THINKGEC and standard SFT. Results 567

show that the utility of reasoning is not inherent 568

but depends critically on how it is integrated into 569

the learning framework. 570

Within THINKGEC, we compare Qwen3-8B 571

models trained with and without reasoning trajecto- 572

ries. As summarized in Table 5, their impact varies 573

with error complexity. For simple surface-level 574

errors such as Orthography and Morphology, rea- 575

soning slightly degrades performance. This aligns 576

with our observation that explicit reasoning for ob- 577

vious errors triggers unnecessary edits, a form of 578

over-correction arising from excessive logical in- 579

ference. However, for high-complexity errors in- 580

volving structural reordering, most notably Wort- 581

stellung, reasoning provides substantial gains. This 582

contrast suggests that while reasoning trajectories 583

may introduce redundancy for local corrections, 584

they are indispensable for resolving long-range de- 585

pendencies and structural constraints. 586

To further verify the quality of these trajectories, 587

we conducted an expert evaluation as shown in 588

Table 6. The results confirm that the generated ra- 589

tionales possess concrete pedagogical value rather 590

than being mere hallucinations or meaningless rep- 591

etitions. Specifically, the high Correlation scores 592

demonstrate that the model’s reasoning is faithful to 593

its corrections, effectively avoiding the disconnect 594

often seen in hallucinated content. Furthermore, 595

the Interpretability scores indicate that the model 596

successfully articulates linguistic rules to justify its 597

edits. Even for abstract categories like Valenz and 598

Wortstellung, the model provides coherent explana- 599

tions that help learners understand the underlying 600
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Model De10k (Overall) Orth MorSyn Wortstellung Valenz Syn

P R F0.5 P R F0.5 P R F0.5 P R F0.5 P R F0.5 P R F0.5

Qwen3-8B

Base 63.73 45.67 59.06 62.80 62.80 62.80 67.83 62.40 66.67 72.41 58.88 69.23 64.23 51.46 61.20 52.68 47.20 51.48
+SFT 71.57 60.38 69.02 66.67 68.00 66.93 71.65 72.80 71.88 75.00 61.68 71.90 78.31 76.02 77.84 64.61 62.80 64.24
+Rational SFT 71.56 61.35 69.25 68.34 70.80 68.82 69.23 72.00 69.77 76.22 65.75 73.87 77.68 77.51 77.65 63.10 62.60 62.99
+THINKGEC 73.01 60.62 70.14 71.71 74.00 72.15 74.22 76.00 74.57 81.32 69.16 78.56 77.40 80.12 77.93 61.63 60.40 61.38
+THINKGEC w/o rational 74.85 59.60 71.21 73.91 74.80 74.09 75.59 76.80 75.83 75.56 63.55 72.81 78.98 72.51 77.60 62.30 60.80 61.99

Table 5: Comprehensive Ablation Study on Reasoning Trajectories. We compare model performance across the
full De10K dataset and specific error categories.

Error Type Interpretability Correlation

Orth 3.8 4.6
MorphSyn 3.8 4.4
Wortstellung 3.3 4.1
Valenz 3.1 4.3
Syn 3.9 4.6

Table 6: Human Evaluation of Rationales (5-point scale)

logic behind the correction, validating the educa-601

tional utility of the THINKGEC framework.602

Overall, reasoning trajectories are not univer-603

sally advantageous. Within THINKGEC, they604

provide structured feedback for policy refinement;605

within solely SFT, they act as optimization noise.606

This contrast underscores that the value of reason-607

ing supervision is inherently framework-dependent608

and contingent on its integration into the broader609

learning dynamics.610

5.2 Impact of Model Scale611

Figure 3: Performance comparison of THINKGEC
across models of varying sizes.

Figure 3 illustrates the effect of THINKGEC612

across different model sizes. The results indicate a613

strong dependency on model capacity: larger mod-614

els benefit substantially from reasoning-augmented615

training, while smaller ones exhibit marginal or616

even negative gains.617

This disparity stems from the varying quality618

of generated reasoning trajectories. Larger mod-619

els with greater linguistic competence produce co-620

herent and logically grounded rationales, which621

provide informative signals for group-wise policy622

refinement. Conversely, smaller models often yield623

fraDgmented or factually inconsistent reasoning, 624

introducing noise into the reward computation and 625

destabilizing the optimization process. When such 626

low-quality rationales dominate, the relative rank- 627

ing signal becomes unreliable, leading to degraded 628

learning dynamics. 629

Consequently, the effectiveness of THINKGEC 630

hinges on a representational threshold: larger mod- 631

els with sufficient grammatical awareness are ca- 632

pable of producing reliable reasoning signals for 633

reinforcement optimization. Below this threshold, 634

the framework risks amplifying spurious correla- 635

tions rather than improving syntactic accuracy. 636

5.3 Impact of RL Components 637

We further investigate the choice of reinforce- 638

ment learning algorithms by benchmarking GRPO 639

against its variant, DAPO. Contrary to observa- 640

tions in long-text generation, our experiments re- 641

veal that GRPO consistently outperforms DAPO 642

on the De10K dataset. This discrepancy stems 643

from the nature of GEC: the token-level policy gra- 644

dient optimization in DAPO offers limited gains 645

for short-sequence editing tasks, whereas GRPO’s 646

group-based outcome supervision proves more ro- 647

bust for localized corrections. A detailed ablation 648

study, including the analysis of clipping thresh- 649

olds and convergence dynamics, is provided in Ap- 650

pendix F.3. 651

6 Conclusion 652

Inspired by Corder’s theory of error analysis 653

(Corder, 1975), we propose THINKGEC, a three- 654

stage cognitively-inspired framework for grammat- 655

ical error correction. Stage one distils fine-grained 656

linguistic annotations into natural-language princi- 657

ples; stage two injects these principles to enhance 658

syntactic–semantic accuracy; stage three optimises 659

the correction trajectory with GRPO. Across archi- 660

tectures and metrics, THINKGEC consistently out- 661

performs both baseline and supervised-fine-tuned 662

Qwen3-8B and LLaMA3.1-8B, yielding higher 663

F0.5, exact-match, and lower edit-distance scores. 664

By integrating symbolic knowledge into neural gen- 665

eration, THINKGEC advances the state of GEC. 666
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Limitations667

Due to constraints in computational resources and668

time, our experiments were limited to lightweight669

large language models, specifically variants with670

4B and 8B parameters, focusing on the application671

of the THINKGEC framework to German gram-672

matical error correction. The De10K corpus used673

in this work consists of essays written by Chinese674

learners of German as a second language. This675

restricts the representativeness of learner errors to676

a single L1 background, potentially limiting the677

applicability of our approach to speakers of other678

native languages. As such, the generalizability of679

the method across larger model scales, additional680

NLP tasks, and diverse linguistic domains remains681

to be fully explored. We leave the extension to a682

broader range of models, tasks, and learner popula-683

tions to future work.684

Ethical Considerations685

The data collection protocol for De10K was re-686

viewed and approved by the Institutional Review687

Board (IRB) of School of Foreign Languages, Zhe-688

jiang University, ensuring compliance with ethi-689

cal standards for research involving human partici-690

pants. All learner writing samples were collected691

with informed consent, including explicit permis-692

sion for linguistic analysis and non-commercial693

research use. Personally identifiable information694

was fully removed or anonymized prior to annota-695

tion.696

Annotations were performed by members of the697

research team as part of their academic responsi-698

bilities, without additional financial compensation.699

The De10K dataset is released under the Apache700

License 2.0, promoting open and responsible re-701

search use. For detailed information on participants702

instruction, please refer to: https://anonymous.703

4open.science/r/ThinkGEC-04E7.704

References705

Adriane Boyd, Jirka Hana, Lionel Nicolas, Detmar706
Meurers, Katrin Wisniewski, Andrea Abel, Karin707
Schöne, Barbora Štindlová, and Chiara Vettori. 2014.708
The merlin corpus: Learner language and the cefr.709

Christopher Bryant, Mariano Felice, Øistein E. Ander-710
sen, and Ted Briscoe. 2019. The BEA-2019 shared711
task on grammatical error correction. In Proceedings712
of the Fourteenth Workshop on Innovative Use of NLP713
for Building Educational Applications, pages 52–75,714
Florence, Italy. Association for Computational Lin-715
guistics.716

Stephen P Corder. 1975. Error analysis, interlanguage 717
and second language acquisition. Language teaching, 718
8(4):201–218. 719

Daniel Dahlmeier and Hwee Tou Ng. 2012. Better 720
evaluation for grammatical error correction. In Pro- 721
ceedings of the 2012 Conference of the North Amer- 722
ican Chapter of the Association for Computational 723
Linguistics: Human Language Technologies, pages 724
568–572, Montréal, Canada. Association for Compu- 725
tational Linguistics. 726

Daniel Dahlmeier, Hwee Tou Ng, and Siew Mei Wu. 727
2013. Building a large annotated corpus of learner 728
English: The NUS corpus of learner English. In Pro- 729
ceedings of the Eighth Workshop on Innovative Use 730
of NLP for Building Educational Applications, pages 731
22–31, Atlanta, Georgia. Association for Computa- 732
tional Linguistics. 733

DeepSeek-AI, Daya Guo, Dejian Yang, Haowei Zhang, 734
Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, 735
Shirong Ma, Peiyi Wang, Xiao Bi, Xiaokang Zhang, 736
Xingkai Yu, Yu Wu, Z. F. Wu, Zhibin Gou, Zhi- 737
hong Shao, Zhuoshu Li, Ziyi Gao, and 181 others. 738
2025. Deepseek-r1: Incentivizing reasoning capa- 739
bility in llms via reinforcement learning. Preprint, 740
arXiv:2501.12948. 741

Rod Ellis. 1994. The study of second language acquisi- 742
tion. Oxford University. 743

Yaxin Fan, Feng Jiang, Peifeng Li, and Haizhou Li. 744
2023. Grammargpt: Exploring open-source llms 745
for native chinese grammatical error correction with 746
supervised fine-tuning. Preprint, arXiv:2307.13923. 747

Tao Fang, Jinpeng Hu, Derek F. Wong, Xiang Wan, 748
Lidia S. Chao, and Tsung-Hui Chang. 2023. Improv- 749
ing grammatical error correction with multimodal 750
feature integration. In Findings of the Association 751
for Computational Linguistics: ACL 2023, pages 752
9328–9344, Toronto, Canada. Association for Com- 753
putational Linguistics. 754

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, 755
Abhinav Pandey, Abhishek Kadian, Ahmad Al- 756
Dahle, Aiesha Letman, Akhil Mathur, Alan Schel- 757
ten, Alex Vaughan, Amy Yang, Angela Fan, Anirudh 758
Goyal, Anthony Hartshorn, Aobo Yang, Archi Mi- 759
tra, Archie Sravankumar, Artem Korenev, Arthur 760
Hinsvark, and 542 others. 2024. The llama 3 herd of 761
models. Preprint, arXiv:2407.21783. 762

Neel Guha, Julian Nyarko, Daniel E. Ho, Christo- 763
pher Ré, Adam Chilton, Aditya Narayana, Alex 764
Chohlas-Wood, Austin Peters, Brandon Waldon, 765
Daniel N. Rockmore, Diego Zambrano, Dmitry Tal- 766
isman, Enam Hoque, Faiz Surani, Frank Fagan, Galit 767
Sarfaty, Gregory M. Dickinson, Haggai Porat, Ja- 768
son Hegland, and 21 others. 2023. Legalbench: A 769
collaboratively built benchmark for measuring le- 770
gal reasoning in large language models. Preprint, 771
arXiv:2308.11462. 772

9

https://anonymous.4open.science/r/ThinkGEC-04E7
https://anonymous.4open.science/r/ThinkGEC-04E7
https://anonymous.4open.science/r/ThinkGEC-04E7
https://doi.org/10.18653/v1/W19-4406
https://doi.org/10.18653/v1/W19-4406
https://doi.org/10.18653/v1/W19-4406
https://aclanthology.org/N12-1067/
https://aclanthology.org/N12-1067/
https://aclanthology.org/N12-1067/
https://aclanthology.org/W13-1703/
https://aclanthology.org/W13-1703/
https://aclanthology.org/W13-1703/
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2307.13923
https://arxiv.org/abs/2307.13923
https://arxiv.org/abs/2307.13923
https://arxiv.org/abs/2307.13923
https://arxiv.org/abs/2307.13923
https://doi.org/10.18653/v1/2023.findings-acl.594
https://doi.org/10.18653/v1/2023.findings-acl.594
https://doi.org/10.18653/v1/2023.findings-acl.594
https://doi.org/10.18653/v1/2023.findings-acl.594
https://doi.org/10.18653/v1/2023.findings-acl.594
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2308.11462
https://arxiv.org/abs/2308.11462
https://arxiv.org/abs/2308.11462
https://arxiv.org/abs/2308.11462
https://arxiv.org/abs/2308.11462


Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan773
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and774
Weizhu Chen. 2021. Lora: Low-rank adaptation of775
large language models. Preprint, arXiv:2106.09685.776

Zhoumingju Jiang and Mengjun Jiang. 2024. Beyond777
answers: Large language model-powered tutoring778
system in physics education for deep learning and779
precise understanding. Preprint, arXiv:2406.10934.780

Carlos E. Jimenez, John Yang, Alexander Wettig,781
Shunyu Yao, Kexin Pei, Ofir Press, and Karthik782
Narasimhan. 2024. Swe-bench: Can language mod-783
els resolve real-world github issues? Preprint,784
arXiv:2310.06770.785

Diederik P. Kingma and Jimmy Ba. 2017. Adam:786
A method for stochastic optimization. Preprint,787
arXiv:1412.6980.788

Xinyuan Li and Yunshi Lan. 2025. Large language mod-789
els are good annotators for type-aware data augmenta-790
tion in grammatical error correction. In Proceedings791
of the 31st International Conference on Computa-792
tional Linguistics, pages 199–213, Abu Dhabi, UAE.793
Association for Computational Linguistics.794

Yinghao Li, Xuebo Liu, Shuo Wang, Peiyuan Gong,795
Derek F. Wong, Yang Gao, Heyan Huang, and Min796
Zhang. 2023. TemplateGEC: Improving grammatical797
error correction with detection template. In Proceed-798
ings of the 61st Annual Meeting of the Association for799
Computational Linguistics (Volume 1: Long Papers),800
pages 6878–6892, Toronto, Canada. Association for801
Computational Linguistics.802

Yinghui Li, Shang Qin, Jingheng Ye, Haojing Huang,803
Yangning Li, Shu-Yu Guo, Libo Qin, Xuming Hu,804
Wenhao Jiang, Hai-Tao Zheng, and Philip S. Yu.805
2025. Rethinking the roles of large language models806
in Chinese grammatical error correction. In Proceed-807
ings of the 63rd Annual Meeting of the Association808
for Computational Linguistics (Volume 6: Industry809
Track), pages 553–567, Vienna, Austria. Association810
for Computational Linguistics.811

Yuan Li and Zekun Wu. 2024. Chinesisches812
deutschlerner-korpus (cdlk). ein umfangreiches ko-813
rpus mit mehrebenen-annotation und multidimen-814
sionalen metadaten. In Marc Kupietz and Thomas815
Schmidt, editors, Neue Entwicklungen in der Kor-816
puslandschaft der Germanistik. Beiträge zur IDS-817
Methodenmesse 2022, number 11 in Korpuslinguistik818
und interdisziplinäre Perspektiven auf Sprache | Cor-819
pus Linguistics and Interdisciplinary Perspectives on820
Language | CLIP, pages 223 – 236. Leibniz-Institut821
für Deutsche Sprache (IDS).822

Jiehao Liang, Haihui Yang, Shiping Gao, and Xiao-823
jun Quan. 2025. Edit-wise preference optimization824
for grammatical error correction. In Proceedings of825
the 31st International Conference on Computational826
Linguistics, pages 3401–3414, Abu Dhabi, UAE. As-827
sociation for Computational Linguistics.828

Fenglin Liu, Zheng Li, Hongjian Zhou, Qingyu Yin, 829
Jingfeng Yang, Xianfeng Tang, Chen Luo, Ming 830
Zeng, Haoming Jiang, Yifan Gao, Priyanka Nigam, 831
Sreyashi Nag, Bing Yin, Yining Hua, Xuan Zhou, 832
Omid Rohanian, Anshul Thakur, Lei Clifton, and 833
David A. Clifton. 2024. Large language models in 834
the clinic: A comprehensive benchmark. Preprint, 835
arXiv:2405.00716. 836

Xinpeng Liu, Bing Xu, Muyun Yang, Hailong Cao, 837
Conghui Zhu, Tiejun Zhao, and Wenpeng Lu. 2025a. 838
A chain-of-task framework for instruction tuning of 839
LLMs based on Chinese grammatical error correc- 840
tion. In Proceedings of the 31st International Con- 841
ference on Computational Linguistics, pages 8623– 842
8639, Abu Dhabi, UAE. Association for Computa- 843
tional Linguistics. 844

Zichen Liu, Changyu Chen, Wenjun Li, Penghui Qi, 845
Tianyu Pang, Chao Du, Wee Sun Lee, and Min Lin. 846
2025b. Understanding r1-zero-like training: A criti- 847
cal perspective. Preprint, arXiv:2503.20783. 848

Hwee Tou Ng, Siew Mei Wu, Ted Briscoe, Christian 849
Hadiwinoto, Raymond Hendy Susanto, and Christo- 850
pher Bryant. 2014. The CoNLL-2014 shared task 851
on grammatical error correction. In Proceedings of 852
the Eighteenth Conference on Computational Natu- 853
ral Language Learning: Shared Task, pages 1–14, 854
Baltimore, Maryland. Association for Computational 855
Linguistics. 856

Andreas Nolda, Laura Auteri, Natascia Barrale, Arianna 857
Di Bella, and Sabine Hoffmann. 2023. Fehleran- 858
notation und fehleranalyse am beispiel des deutsch- 859
ungarischen lernerkorpus dulko. Jahrbuch für inter- 860
nationale Germanistik, 10:747–755. 861

Kostiantyn Omelianchuk, Vitaliy Atrasevych, Artem 862
Chernodub, and Oleksandr Skurzhanskyi. 2020. 863
GECToR – grammatical error correction: Tag, not 864
rewrite. In Proceedings of the Fifteenth Workshop 865
on Innovative Use of NLP for Building Educational 866
Applications, pages 163–170, Seattle, WA, USA → 867
Online. Association for Computational Linguistics. 868

Marc Reznicek, Anke Lüdeling, Cedric Krummes, 869
Franziska Schwantuschke, Maik Walter, Karin 870
Schmidt, and Hagen Hirschmann. 2012. Das Falko- 871
Handbuch. Korpusaufbau und Annotationen. Version 872
2.01. 873

Sascha Rothe, Jonathan Mallinson, Eric Malmi, Sebas- 874
tian Krause, and Aliaksei Severyn. 2021. A simple 875
recipe for multilingual grammatical error correction. 876
In Proceedings of the 59th Annual Meeting of the As- 877
sociation for Computational Linguistics and the 11th 878
International Joint Conference on Natural Language 879
Processing (Volume 2: Short Papers), pages 702–707, 880
Online. Association for Computational Linguistics. 881

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, 882
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan 883
Zhang, Y. K. Li, Y. Wu, and Daya Guo. 2024. 884

10

https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2406.10934
https://arxiv.org/abs/2406.10934
https://arxiv.org/abs/2406.10934
https://arxiv.org/abs/2406.10934
https://arxiv.org/abs/2406.10934
https://arxiv.org/abs/2406.10934
https://arxiv.org/abs/2406.10934
https://arxiv.org/abs/2310.06770
https://arxiv.org/abs/2310.06770
https://arxiv.org/abs/2310.06770
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://aclanthology.org/2025.coling-main.14/
https://aclanthology.org/2025.coling-main.14/
https://aclanthology.org/2025.coling-main.14/
https://aclanthology.org/2025.coling-main.14/
https://aclanthology.org/2025.coling-main.14/
https://doi.org/10.18653/v1/2023.acl-long.380
https://doi.org/10.18653/v1/2023.acl-long.380
https://doi.org/10.18653/v1/2023.acl-long.380
https://doi.org/10.18653/v1/2025.acl-industry.39
https://doi.org/10.18653/v1/2025.acl-industry.39
https://doi.org/10.18653/v1/2025.acl-industry.39
https://doi.org/10.24053/9783823396024
https://doi.org/10.24053/9783823396024
https://doi.org/10.24053/9783823396024
https://doi.org/10.24053/9783823396024
https://doi.org/10.24053/9783823396024
https://doi.org/10.24053/9783823396024
https://doi.org/10.24053/9783823396024
https://aclanthology.org/2025.coling-main.229/
https://aclanthology.org/2025.coling-main.229/
https://aclanthology.org/2025.coling-main.229/
https://arxiv.org/abs/2405.00716
https://arxiv.org/abs/2405.00716
https://arxiv.org/abs/2405.00716
https://aclanthology.org/2025.coling-main.577/
https://aclanthology.org/2025.coling-main.577/
https://aclanthology.org/2025.coling-main.577/
https://aclanthology.org/2025.coling-main.577/
https://aclanthology.org/2025.coling-main.577/
https://arxiv.org/abs/2503.20783
https://arxiv.org/abs/2503.20783
https://arxiv.org/abs/2503.20783
https://doi.org/10.3115/v1/W14-1701
https://doi.org/10.3115/v1/W14-1701
https://doi.org/10.3115/v1/W14-1701
https://doi.org/10.18653/v1/2020.bea-1.16
https://doi.org/10.18653/v1/2020.bea-1.16
https://doi.org/10.18653/v1/2020.bea-1.16
https://doi.org/10.18653/v1/2021.acl-short.89
https://doi.org/10.18653/v1/2021.acl-short.89
https://doi.org/10.18653/v1/2021.acl-short.89


Deepseekmath: Pushing the limits of mathemati-885
cal reasoning in open language models. Preprint,886
arXiv:2402.03300.887

Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin888
Wu, Wang Zhang, Ru Zhang, Yanghua Peng, Haibin889
Lin, and Chuan Wu. 2025. Hybridflow: A flexible890
and efficient rlhf framework. In Proceedings of the891
Twentieth European Conference on Computer Sys-892
tems, EuroSys ’25, page 1279–1297. ACM.893

Lvxiaowei Xu, Jianwang Wu, Jiawei Peng, Jiayu Fu,894
and Ming Cai. 2022. FCGEC: Fine-grained corpus895
for Chinese grammatical error correction. In Find-896
ings of the Association for Computational Linguistics:897
EMNLP 2022, pages 1900–1918, Abu Dhabi, United898
Arab Emirates. Association for Computational Lin-899
guistics.900

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,901
Binyuan Hui, Bo Zheng, Bowen Yu, Chang Gao,902
Chengen Huang, Chenxu Lv, Chujie Zheng, Day-903
iheng Liu, Fan Zhou, Fei Huang, Feng Hu, Hao904
Ge, Haoran Wei, Huan Lin, Jialong Tang, and 41905
others. 2025. Qwen3 technical report. Preprint,906
arXiv:2505.09388.907

Helen Yannakoudakis, Ted Briscoe, and Ben Medlock.908
2011. A new dataset and method for automatically909
grading esol texts. In Proceedings of the 49th annual910
meeting of the association for computational linguis-911
tics: human language technologies, pages 180–189.912

Jingheng Ye, Yinghui Li, Yangning Li, and Hai-Tao913
Zheng. 2023. MixEdit: Revisiting data augmentation914
and beyond for grammatical error correction. In Find-915
ings of the Association for Computational Linguis-916
tics: EMNLP 2023, pages 10161–10175, Singapore.917
Association for Computational Linguistics.918

Jingheng Ye, Shang Qin, Yinghui Li, Xuxin Cheng,919
Libo Qin, Hai-Tao Zheng, Ying Shen, Peng Xing,920
Zishan Xu, Guo Cheng, and Wenhao Jiang. 2025.921
Excgec: A benchmark for edit-wise explainable922
chinese grammatical error correction. Preprint,923
arXiv:2407.00924.924

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan,925
Xiaochen Zuo, Yu Yue, Weinan Dai, Tiantian Fan,926
Gaohong Liu, Lingjun Liu, Xin Liu, Haibin Lin,927
Zhiqi Lin, Bole Ma, Guangming Sheng, Yuxuan928
Tong, Chi Zhang, Mofan Zhang, Wang Zhang, and929
16 others. 2025. Dapo: An open-source llm re-930
inforcement learning system at scale. Preprint,931
arXiv:2503.14476.932

Yue Zhang, Zhenghua Li, Zuyi Bao, Jiacheng Li,933
Bo Zhang, Chen Li, Fei Huang, and Min Zhang.934
2022a. MuCGEC: a multi-reference multi-source935
evaluation dataset for Chinese grammatical error cor-936
rection. In Proceedings of the 2022 Conference of937
the North American Chapter of the Association for938
Computational Linguistics: Human Language Tech-939
nologies, pages 3118–3130, Seattle, United States.940
Association for Computational Linguistics.941

Yue Zhang, Bo Zhang, Zhenghua Li, Zuyi Bao, Chen Li, 942
and Min Zhang. 2022b. SynGEC: Syntax-enhanced 943
grammatical error correction with a tailored GEC- 944
oriented parser. In Proceedings of the 2022 Con- 945
ference on Empirical Methods in Natural Language 946
Processing, pages 2518–2531, Abu Dhabi, United 947
Arab Emirates. Association for Computational Lin- 948
guistics. 949

Zheyuan Zhang, Daniel Zhang-Li, Jifan Yu, Linlu Gong, 950
Jinchang Zhou, Zhanxin Hao, Jianxiao Jiang, Jie 951
Cao, Huiqin Liu, Zhiyuan Liu, Lei Hou, and Juanzi 952
Li. 2024. Simulating classroom education with llm- 953
empowered agents. Preprint, arXiv:2406.19226. 954

Zewei Zhao and Houfeng Wang. 2020. Maskgec: Im- 955
proving neural grammatical error correction via dy- 956
namic masking. Proceedings of the AAAI Conference 957
on Artificial Intelligence, 34(01):1226–1233. 958

Yaowei Zheng, Richong Zhang, Junhao Zhang, Yanhan 959
Ye, Zheyan Luo, Zhangchi Feng, and Yongqiang Ma. 960
2024. Llamafactory: Unified efficient fine-tuning of 961
100+ language models. Preprint, arXiv:2403.13372. 962

Houquan Zhou, Yumeng Liu, Zhenghua Li, Min Zhang, 963
Bo Zhang, Chen Li, Ji Zhang, and Fei Huang. 2023. 964
Improving Seq2Seq grammatical error correction via 965
decoding interventions. In Findings of the Associa- 966
tion for Computational Linguistics: EMNLP 2023, 967
pages 7393–7405, Singapore. Association for Com- 968
putational Linguistics. 969

A Use of AI Writing Assistants 970

In accordance with the conference policy on AI 971

writing assistance, we declare that generative AI 972

tools were used solely for the purpose of grammat- 973

ical polishing, rephrasing for clarity, and stylistic 974

refinement of the manuscript. 975

B Related Work 976

B.1 GEC Datasets 977

High-quality annotated datasets are the cornerstone 978

of GEC research. The field has been predominantly 979

shaped by English benchmarks, ranging from the 980

foundational FCE (Yannakoudakis et al., 2011) and 981

NUCLE (Dahlmeier et al., 2013) to large-scale 982

shared tasks like CoNLL-14 (Ng et al., 2014) and 983

BEA-19 (Bryant et al., 2019). Beyond English, Chi- 984

nese GEC has seen progress with datasets such as 985

MuCGEC (Zhang et al., 2022a), and FCGEC (Xu 986

et al., 2022), which introduced multi-reference and 987

fine-grained evaluation standards. 988

In contrast, resources for German remain scarce. 989

Current research relies heavily on learner corpora 990

like Falko (Reznicek et al., 2012) and Merlin (Boyd 991

et al., 2014). While providing basic error tags, 992
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these datasets primarily facilitate surface-level cor-993

rection. Crucially, they lack the fine-grained, ped-994

agogically oriented annotations required to sup-995

port diagnostic reasoning in LLMs, a gap that lim-996

its the development of explainable, pedagogically997

grounded GEC systems for German learners.998

B.2 Traditional GEC Methods999

Traditional GEC methods can be broadly catego-1000

rized into two paradigms: Seq2Edit and Seq2Seq.1001

The Seq2Edit framework treats GEC as a se-1002

quence labeling task, where models like GEC-1003

ToR(Omelianchuk et al., 2020) predict iterative1004

edits to correct errors. Recently, TemplateGEC (Li1005

et al., 2023) introduced template-enhanced genera-1006

tion to better handle structural constraints. While1007

efficient for local errors, these models often strug-1008

gle with complex syntactic reordering common in1009

German.1010

In contrast, the Seq2Seq paradigm frames GEC1011

as monolingual translation, employing encoder-1012

decoder architectures to generate corrected sen-1013

tences end-to-end (Rothe et al., 2021; Ye et al.,1014

2023). Recent advancements have further opti-1015

mized this framework by incorporating auxiliary1016

syntactic features or error detection signals to en-1017

hance performance (Zhang et al., 2022b; Fang et al.,1018

2023). However, these models are inherently data-1019

intensive, relying heavily on massive parallel cor-1020

pora to learn mapping patterns. This dependency1021

poses a significant bottleneck for low-resource lan-1022

guages like German, where large-scale annotated1023

training data is scarce.1024

B.3 LLM-based GEC Approaches1025

LLMs have introduced a new paradigm for GEC.1026

They leverage pre-training and instruction tuning1027

to achieve superior performance. Early works fo-1028

cused on SFT to adapt open-source models for cor-1029

rection tasks. For example, GrammarGPT (Fan1030

et al., 2023) maps erroneous sentences to corrected1031

forms.1032

To move beyond simple rewriting, recent re-1033

search has integrated explicit reasoning and align-1034

ment mechanisms. For instance, the Chain-of-Task1035

(CoTask) framework (Liu et al., 2025a) mitigates1036

over-correction by decomposing the process into1037

sequential sub-tasks, while ExCGEC (Ye et al.,1038

2025) explores explainable GEC benchmarks to1039

enhance interpretability. On the alignment front,1040

reinforcement learning has been employed to cap-1041

ture human editing preferences; notably, Edit-Wise1042

Preference Optimization (EPO) (Liang et al., 2025)1043

refines generation granularity to the token level.1044

Despite these advancements, most approaches 1045

still treat correction and reasoning as separate or 1046

implicit processes. In contrast, THINKGEC explic- 1047

itly formalizes the cognitive workflow. It includes 1048

Identification, Description, and Explanation. We 1049

optimize this process via GRPO. This approach 1050

bridges the gap between pedagogical reasoning and 1051

high-precision correction. 1052

C Formal Optimization Objectives 1053

In this section, we provide the detailed mathemat- 1054

ical formulations for the supervised fine-tuning 1055

(SFT) and reinforcement learning (GRPO) stages 1056

of the THINKGEC framework. 1057

C.1 Stage 2: SFT Objective 1058

Given a pretrained LLM Mθ parameterized by 1059

θ, we construct a dialogue-based training dataset 1060

DSFT = {(x′(i), t(i))}Mi=1. Here, x′(i) = p ◦ x(i) 1061

denotes the input sentence x(i) augmented with a 1062

specific instruction prompt p, and t(i) represents 1063

the target reasoning trajectory (comprising error 1064

scope and type description). 1065

The model is optimized to maximize the condi- 1066

tional likelihood of generating the target reasoning 1067

chain t given the input x′. The loss function is 1068

defined as the standard cross-entropy loss: 1069

LSFT(θ) = −E(x′,t)∼DSFT

[
log pθ(t | x′)

]
. (1) 1070

Minimizing this loss yields the fine-tuned model 1071

Mθ′ , which serves as the reference policy (πref) for 1072

the subsequent reinforcement learning stage. 1073

C.2 Stage 3: GRPO Objective 1074

To further refine the model’s ability to generate 1075

high-quality corrections and rationales, we employ 1076

Group Relative Policy Optimization (GRPO). Un- 1077

like standard PPO which requires a separate value 1078

network, GRPO estimates the baseline from group 1079

averages. 1080

For each prompt-augmented input x′, we sam- 1081

ple a group of G outputs {y1, y2, . . . , yG} from the 1082

current policy πθ(·|x′). We then compute the re- 1083

ward ri for each output yi using the M2 Scorer 1084

(checking F0.5 against the gold reference). 1085

Advantage Computation. To reduce variance, 1086

the advantage Ai for the i-th output is calculated 1087

by normalizing the rewards within the group: 1088

Ai =
ri − µr

σr
, (2) 1089
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where µr and σr are the mean and standard devi-1090

ation of the rewards {r1, . . . , rG} within the sam-1091

pled group.1092

Optimization Objective. The GRPO objective1093

incorporates a clipping mechanism to stabilize1094

training and a KL-divergence penalty to prevents1095

the model from deviating too far from the SFT1096

reference policy. The objective is formulated as:1097

JGRPO(θ) = Ex′∼D,{yi}∼πθ

[
1

G

G∑
i=1

(
min

(
ρiAi, clip(ρi, 1− ε, 1 + ε)Ai

)
− β · DKL

(
πθ(·|x′) ∥ πref(·|x′)

))]
,

(3)1098

where:1099

• ρi =
πθ(yi|x′)
πold(yi|x′) is the probability ratio between1100

the current and old policies.1101

• ε is the clipping parameter (e.g., 0.2) that con-1102

strains the policy update step.1103

• β is the coefficient controlling the strength of1104

the KL-divergence penalty.1105

D Dataset and Annotation Details1106

D.1 Dataset1107

We conduct a statistical analysis of our corpus, in-1108

cluding sentence length distribution, and present1109

illustrative examples.1110

Sentence Length Distribution We analyze the1111

distribution of sentence lengths in terms of char-1112

acter count. As illustrated in Figure 4, the corpus1113

exhibits a wide yet manageable range: the short-1114

est sentence contains 4 characters and the longest1115

spans 56 characters. This bounded variation indi-1116

cates that the corpus is well suited for integration1117

with a variety of pre-trained language models, par-1118

ticularly those with constrained input lengths, with-1119

out requiring aggressive truncation or segmentation1120

strategies.1121

Illustrative Examples To illustrate the types of1122

errors present in the De10K corpus, we present a se-1123

lection of representative examples along with their1124

corrected versions and error categories in Table 8.1125

D.2 Error Typology Development1126

To develop a learner-specific error typology, we1127

conducted two pilot annotation studies following1128

the framework proposed by Nolda et al. (2023).1129

Figure 4: The length distribution of sentences in the
whole corpus.

Starting with an initial framework, we refined the 1130

classification through iterative annotation and col- 1131

laborative analysis. Recurrent error patterns led 1132

to the introduction of new categories, including re- 1133

flexive pronouns in verb valency, prepositions intro- 1134

ducing zu-clauses, and prefixes of separable verbs. 1135

Categories with low occurrence, such as syllable di- 1136

vision, were removed. The lexical choice category 1137

was further subdivided by part of speech, and the 1138

final system consists of five main categories: Orth, 1139

MorSyn, Wortstellung, Valenz, and Syn, together 1140

with a Semantically-driven Error type, organized 1141

into 63 subcategories in total. 1142

D.3 Annotation Environment and Principles 1143

Error annotation was carried out using the EX- 1144

MARaLDA annotation environment (Figure 5). 1145

The process comprised two interrelated tasks: (i) 1146

correction of learner errors in the original text to 1147

produce a linguistically well-formed target hypoth- 1148

esis (Zielhypothese), and (ii) classification and hi- 1149

erarchical annotation of all identified errors accord- 1150

ing to the proposed error typology. 1151

Figure 5: The interface of EXMARaLDA used for
De10K annotation.

Crucially, the annotation process adhered to two 1152

core principles to ensure standard-compliant yet 1153

learner-centric corrections: 1154

• Fidelity: Ensuring minimal intervention, pre- 1155

serving the learner’s intended meaning while 1156

correcting only what was necessary for gram- 1157
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Hyperparameter De10K

Backbone Qwen3-8B LLaMA3.1-8B Qwen3-4B
Batch size (SFT) 128 128 128
Batch size (GRPO) 32 32 64
Max Epochs (SFT) 5 5 5
Max Epochs (GRPO) 5 5 5
Max Length 4096 4096 4096
Learning Rate (SFT) 1e-5 1e-5 1e-5
Learning Rate (GRPO) 1e-6 1e-6 1e-6
Learning Rate Scheduler Cosine Cosine Cosine
Optimizer AdamW AdamW AdamW
Weight Decay 0.0 0.0 0.0
Warmup Ratio 0.1 0.1 0.1
LoRA target modules = all linears; lora rank = 32; lora alpha = 64
εhigh 0.28 0.28 0.28
εlow 0.18 0.18 0.18
β 1e-3 1e-3 1e-3
Role out 8 8 8

Table 7: Hyperparameter settings in our experiments.

Origin Target Type
In meiner Familian, Vater ist sehr wichtig. In meiner Familie ist mein Vater sehr

wichtig.
Orth,Wortstellung

Er hat schwarz Haare und schwarz Augen. Er hat schwarze Haare und schwarze Augen. MorSyn
Er ist einen lehrer. Er ist Lehrer. Orth,Valenz
Er mag chillen und lernen sehr. Er mag Chillen und Lernen sehr. Valenz
Sie mag tanzen und auch lernen. Sie mag Tanzen und auch Lernen. Valenz
Sie ist eine lehrerin. Sie ist Lehrerin. Orth,Valenz
Meine Oma kocht für uns. Opa hilft sie. Meine Oma kocht für uns, mein Opa hilft

ihr.
Orth,MorSyn

Oh, heiße Anna. Oh, heiße Anna. Orth
Ich finde, Deutschlernen ist sehr wichtig. Ich finde, dass Deutschlernen ist sehr

wichtig.
Syn

Das ist meine Familian. Das ist meine Familie. Orth

Table 8: Illustrative examples from the De10K corpus showing original learner sentences, corrected versions, and
corresponding error types.

maticality and orthographic accuracy in stan-1158

dard German (Ellis, 1994).1159

• Consistency: Maintained through standard-1160

ized labeling protocols and detailed annota-1161

tion guidelines to ensure uniform treatment of1162

linguistic phenomena across the corpus.1163

D.4 Workflow and Quality Assurance1164

The annotation campaign spanned six months and1165

followed a rigorous three-stage protocol to ensure1166

reliability and validity:1167

Stage 1: Paired Annotation. Each essay was1168

independently annotated by two experts: a gradu-1169

ate student specializing in German linguistics and1170

an experienced university-level German instruc-1171

tor. Following independent annotation, the pair1172

engaged in adjudication sessions to reconcile dis- 1173

crepancies and produce a consensus version. 1174

Stage 2: Team Deliberation. Unresolved dis- 1175

agreements were escalated to a broader annotation 1176

team for deliberation until consensus was achieved. 1177

Stage 3: External Validation. Finally, a random 1178

subset of annotations underwent external validation 1179

by senior scholars in German linguistics to verify 1180

inter-annotator consistency and typological fidelity. 1181

We maintained annotation quality and consis- 1182

tency through regular calibration meetings, held 1183

weekly during the first two months and biweekly 1184

thereafter. These sessions prioritized the discussion 1185

of edge cases, category boundaries, and necessary 1186

updates to the guidelines. 1187
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E Extra Metric1188

Exact Match (EM), Minimum Edit Distance1189

(MED), and Error Correction Rate (ECR) were1190

adopted as evaluation metrics to assess the sim-1191

ilarity between multi-granularity algorithmic an-1192

notations and human reference annotations. EM1193

measures the proportion of instances in which the1194

generated output sequence exactly matches the tar-1195

get reference, thereby reflecting precision at the1196

token-level. While EM is a stringent and inter-1197

pretable metric for short, well-formed sequences, it1198

is overly sensitive to minor discrepancies and fails1199

to account for partial correctness—particularly in1200

tasks involving semantic coherence and long-range1201

dependencies.1202

MED, on the other hand, quantifies the dissim-1203

ilarity between two sequences by computing the1204

minimum number of edit operations—specifically1205

insertions, deletions, and substitutions—required1206

to transform the generated sequence into the refer-1207

ence. This metric provides a fine-grained, gradient1208

assessment of output quality and is robust to super-1209

ficial mismatches that do not affect meaning.1210

However, in the context of semantic-aware GEC1211

over long-form texts,EM has limitations. EM tends1212

to yield spuriously low scores even when most1213

errors are correctly addressed, as a single devia-1214

tion (e.g., paraphrasing, synonym substitution, or1215

acceptable reordering) results in a complete mis-1216

match. This makes EM poorly correlated with ac-1217

tual correction effectiveness in semantically com-1218

plex or structurally flexible contexts.1219

To address this limitation and better evaluate1220

model performance on long-text correction, we in-1221

troduce ECR, defined as the ratio of successfully1222

corrected errors to the total number of annotated1223

errors in the input. As presented in Table 9, the1224

THINKGEC framework consistently outperforms1225

SFT across all linguistic dimensions, demonstrat-1226

ing its effectiveness in GEC.1227

F Experiment Detail1228

F.1 Instruction Templates1229

Table 10 displays the instruction templates for the1230

three stages of THINKGEC. Some templates in-1231

clude an input field (for providing source text) and1232

a response field (for specifying target text).1233

F.2 Implementation Details1234

Our implementation is built upon the open-source1235

frameworks LLaMA-Factory (Zheng et al., 2024)1236

and verl (Sheng et al., 2025), leveraging their1237

support for efficient reinforcement learning and1238

Model De10K Sem

EM ↑ MED ↓ ECR ↑ MED ↓

Qwen3-8B

Base 0.3454 6.2829 0.1467 17.0657
+SFT 0.4713 5.0836 0.1143 26.9487
+THINKGEC 0.5037 4.5877 0.1474 7.9484

LLaMA3.1-8B

Base 0.2931 10.1478 0.1028 17.0639
+SFT 0.4806 4.8142 0.0987 15.4256
+THINKGEC 0.4848 4.3784 0.1268 9.3725

Table 9: Quantitative evaluation of model performance
on sentence-level and article-level correction tasks. EM:
Exact Match ratio (%); MED: Minimum Edit Distance
(lower is better); ECR: Error Correction Rate. Results
are averaged over the test set.

Stage Instruction Template

Knowledge
Elicitation I

You are a German language expert.
Detect the grammatical error span
in the input text. {Expert annota-
tion}

Knowledge
Elicitation II

You are a German language expert.
Identify the grammatical error type
within the detected span. {Expert
annotation}

Knowledge
Injection

You are a German language expert.
Identify the error span and classify
its type.
input:\n{Source}\n\n
response:\n{Target}

Finding Cor-
rect
Paradigm

You are a German language expert.
Correct the sentence into grammati-
cally well-formed output.
input:\n{Source}\n\n
response:\n{Target}

Table 10: Instruction templates for the three stages of
the German GEC pipeline.

parameter-efficient fine-tuning. Due to practical 1239

constraints in training time and computational re- 1240

sources, we adopt Low-Rank Adaptation (LoRA) 1241

(Hu et al., 2021) during the Knowledge Injection 1242

phase, as opposed to full-parameter fine-tuning. 1243

This approach significantly reduces trainable pa- 1244

rameter count by introducing low-rank decompo- 1245

sition matrices into the transformer attention mod- 1246

ules, thereby improving training efficiency while 1247

preserving model capacity. 1248

We optimize the training process using the 1249

AdamW optimizer (Kingma and Ba, 2017) with 1250

a cosine annealing learning rate schedule, which 1251

provides stable convergence and mitigates overfit- 1252

ting. All hyperparameters are detailed in Table 7. 1253
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Experiments are conducted on a cluster equipped1254

with 4 NVIDIA A800 80GB GPUs.1255

F.3 Detailed Analysis of RL Components1256

In this section, we provide a deeper analysis of the1257

contribution of individual components in GRPO1258

and its variant DAPO within the THINKGEC1259

framework.1260

Performance Comparison. As illustrated in Fig-1261

ure 6, DAPO consistently underperforms GRPO.1262

This finding indicates that DAPO’s additional modi-1263

fications, though effective in long-sequence reason-1264

ing, do not transfer well to the specific constraints1265

of GEC.1266

Figure 6: Ablation study of GRPO components on the
De10K dataset. GRPO shows superior efficiency com-
pared to DAPO in the GEC setting.

Analysis of Discrepancy. We identify two pri-1267

mary factors accounting for this performance gap:1268

• Clipping Thresholds: Both algorithms em-1269

ploy higher clipping thresholds (clip-high)1270

to prevent policy entropy collapse—a com-1271

mon issue in GEC where repetitive correc-1272

tions reduce exploration. This mechanism1273

preserves sampling diversity and remains ben-1274

eficial in our implementation.1275

• Gradient Optimization Level: The token-1276

level policy gradient optimization in DAPO1277

offers limited gains for short-sequence editing1278

tasks. Since GEC typically involves minimal1279

token changes compared to the input, interme-1280

diate gradient updates contribute little beyond1281

sequence-level optimization.1282

Collectively, these findings underscore that al-1283

gorithmic advances in reinforcement learning1284

must be carefully contextualized; mechanisms1285

beneficial for general open-ended text generation1286

may be suboptimal for localized, low-entropy tasks1287

such as GEC.1288

F.4 GRPO Dynamics1289

During the reinforcement learning phase with1290

GRPO and DAPO in Qwen3-8B, we observed no-1291

table dynamics in several training indicators, in-1292

Figure 7: The response length changes during GRPO
training process.

Figure 8: The entropy changes during GRPO training
process

cluding generated response length, policy entropy, 1293

and the effective number of sampled batches. 1294

Figure 7 illustrates the evolution of response 1295

length during the GRPO-based training phase. The 1296

generated outputs exhibit a gradual decrease in 1297

length over training steps, eventually converging to 1298

a stable and linguistically appropriate range. No- 1299

tably, no pathological expansion or excessively 1300

long generations are observed. 1301

This controlled length dynamics suggests that 1302

the policy naturally learns to produce concise cor- 1303

rections without requiring explicit length regu- 1304

larization. Combined with the absence of train- 1305

ing instability, this indicates that token-level op- 1306

timization—while beneficial in some generation 1307

tasks—does not provide necessary advantages in 1308

the grammatical error correction setting, where ed- 1309

its are typically minimal and localized. 1310

Figure 8 illustrates the policy entropy dynam- 1311

ics during GRPO training. The entropy decreases 1312

rapidly in the initial stages and continues to decline 1313

until it approaches zero, indicating severe entropy 1314

collapse. This behavior reflects a sharp reduction 1315

in output diversity, as the policy becomes increas- 1316

ingly deterministic and overconfident in its token 1317

predictions. 1318

In the context of grammatical error correction, 1319

such collapse is particularly problematic. It limits 1320

the model’s ability to explore alternative correc- 1321
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Figure 9: The change of generation batches during
GRPO training process

tions, which is crucial for handling diverse learner1322

errors. The observed trend highlights the neces-1323

sity of stabilization mechanisms, such as higher1324

clipping thresholds, to regulate policy updates and1325

maintain sufficient exploration throughout training.1326

Figure 9 presents the number of batches required1327

to collect dynamic samples with non-extreme re-1328

wards during DAPO training. As training pro-1329

gresses, an increasing number of batches are1330

needed to obtain valid samples that fall within the1331

target reward range, reflecting a growing ineffi-1332

ciency in sample filtering. This trend implies a1333

substantial rise in computational overhead for sub-1334

sequent training stages. Moreover, the aggressive1335

exclusion of samples with reward scores of 0 or1336

1 leads to the discard of potentially informative1337

instances, including both systematically incorrect1338

outputs that reveal model weaknesses and perfectly1339

corrected instances that reinforce accurate editing1340

patterns. Consequently, this sampling strategy not1341

only increases training cost but also weakens the1342

learning signal by removing critical error and cor-1343

rection exemplars from the update process.1344

In contrast, we find that retaining only the higher1345

clipping threshold, while reverting to sequence-1346

level updates and standard sampling, yields more1347

stable training and consistently better performance1348

on the GEC task. Therefore, our THINKGEC1349

framework adopts this simplified variant, leverag-1350

ing the proven benefits of elevated clipping to miti-1351

gate entropy collapse without introducing destabi-1352

lizing components.1353
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