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Abstract001

Large language models (LLMs) have made002
rapid progress, yet adapting them to down-003
stream scenarios still commonly relies on su-004
pervised fine-tuning (SFT). When downstream005
data exhibit a substantial distribution shift from006
the model’s prior training distribution, SFT007
can induce catastrophic forgetting. To nar-008
row this gap, data rewriting has been proposed009
as a data-centric approach that rewrites down-010
stream training data prior to SFT. However,011
existing methods typically sample rewrites012
from a prompt-induced conditional distribu-013
tion, so the resulting targets are not neces-014
sarily aligned with the model’s natural QA-015
style generation distribution. Moreover, re-016
liance on fixed templates can lead to diver-017
sity collapse. To address these issues, we018
cast data rewriting as a policy learning prob-019
lem and learn a rewriting policy that better020
matches the backbone’s QA-style generation021
distribution while preserving diversity. Since022
distributional alignment, diversity and task con-023
sistency are automatically evaluable but diffi-024
cult to optimize end-to-end with differentiable025
objectives, we leverage reinforcement learn-026
ing to optimize the rewrite distribution un-027
der reward feedback and propose an RL-based028
data-rewriting agent. The agent jointly opti-029
mizes QA-style distributional alignment and030
diversity under a hard task-consistency gate,031
thereby constructing a higher-quality rewrit-032
ten dataset for downstream SFT. Extensive033
experiments show that our method achieves034
downstream gains comparable to standard SFT035
while reducing forgetting on non-downstream036
benchmarks by 12.34% on average. Our code037
is available at https://anonymous.4open.038
science/r/Patch-the-Prompt-Gap-4112.039

1 Introduction040

In recent years, Large Language Models (LLMs)041

have advanced rapidly (OpenAI et al., 2024) and042

demonstrated strong capabilities in tasks such as043

general dialogue (Touvron et al., 2023), informa- 044

tion retrieval (Sun et al., 2024), and reasoning (Wei 045

et al., 2023). However, when deployed in domain- 046

specific or downstream scenarios, Supervised Fine- 047

Tuning (SFT) on downstream data is still com- 048

monly required to improve performance on target 049

tasks (Ouyang et al., 2022; Dong et al., 2024). De- 050

spite its effectiveness, downstream SFT can inad- 051

vertently erode previously acquired general capa- 052

bilities (Luo et al., 2025; Huang et al., 2024a) (i.e. 053

catastrophic forgetting) (Li et al., 2024), especially 054

under a substantial distribution shift between the 055

downstream data and the model’s prior training 056

data distribution (Huang et al., 2025). In such cases, 057

fine-tuning may bias the model toward the down- 058

stream distribution at the expense of other capabil- 059

ities (Kotha et al., 2024). A prevalent perspective 060

attributes this issue to the off-policy nature of down- 061

stream SFT (Zhang et al., 2025c; Chen et al., 2025), 062

where demonstrations may be low-likelihood under 063

the updated policy, inducing training instability. 064

To reduce this distribution shift, a data-centric 065

approach intervenes at the data source by rewriting 066

the downstream training data before SFT (Singh 067

et al., 2024; Zhang et al., 2025a). The typical rewrit- 068

ing framework prompts the instruction-tuned base 069

model π0 with an input x, a reference solution y⋆, 070

and a rewriting prompt xprompt to sample a rewrite 071

ỹ, where ỹ is task-consistent with y⋆ yet more in- 072

distribution under π0 (Yang et al., 2024; Zhao et al., 073

2025). For example, SDFT (Yang et al., 2024) fol- 074

lows a standard data-rewriting pipeline and trains 075

on the rewritten data, whereas Mind the Gap (Zhao 076

et al., 2025) first lets the model attempt to solve 077

each instance and rewrites expert demonstrations 078

only for those it fails to solve. 079

Although data rewriting has shown promise in 080

mitigating catastrophic forgetting, it still suffers 081

from a key deficiency in distributional alignment. 082

Standard rewrites are typically sampled from a 083

constrained, prompt-induced conditional distribu- 084
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tion, i.e. ỹ ∼ π0(· | x, y⋆, xprompt), whereas085

downstream SFT more closely resembles QA-style086

completion conditioned only on x, correspond-087

ing to π0(· | x). Therefore, the rewrites may088

be more in-distribution only under the rewriting-089

prompt–induced conditional distribution, rather090

than genuinely closer to the QA-style generation091

distribution, and thus can only partially narrow the092

effective distribution gap. This leads to two limita-093

tions: first, non-QA-style rewrites may introduce094

templated or unnatural phrasing, weakening the095

match between supervision and the model’s natu-096

ral completion mode and degrading the efficiency097

and stability of downstream learning; second, sam-098

pling ỹ ∼ π0(· | x, y⋆, xprompt) does not guaran-099

tee reducing the key gap relevant to π0(· | x) (or100

πθ(· | x)), and therefore its ability to mitigate catas-101

trophic forgetting is likewise constrained. More-102

over, existing rewriting methods often rely on a103

small set of fixed prompt templates, which can fur-104

ther bias sampled rewrites toward templated and105

format-homogeneous patterns, inducing diversity106

collapse and under-representing many equally valid107

realizations (Yun et al., 2025).108

Based on the above analysis, we model data109

rewriting as policy learning, aiming to learn a110

rewriting policy that is consistent with the QA-style111

generation distribution and yields higher-quality112

rewrites. In rewriting policy learning, task con-113

sistency, QA-style distributional alignment, and114

output diversity can all be formulated as auto-115

matically computable scalar feedback on sampled116

rewrites, making them naturally suitable as re-117

ward signals for policy optimization. Compared118

to maximum-likelihood fitting under a constrained119

rewriting prompt, reinforcement learning can di-120

rectly maximize the expected quality of sampled121

rewrites under these criteria, while incorporating122

non-differentiable verification procedures via hard123

gating or auxiliary shaping rewards; therefore,124

training the rewriting policy with RL is a natural125

choice in this setting.126

Motivated by this perspective, we propose an RL-127

based data-rewriting agent Rϕ, which optimizes128

QA-style distributional alignment and diversity at129

the data source via automatically evaluable reward130

signals. To reduce reward noise and stabilize pol-131

icy learning, we treat task consistency as a hard132

constraint: we compute and optimize alignment/-133

diversity rewards only for rewrites that pass a task-134

consistency verification gate. Meanwhile, we view135

prompt-induced rewriting as a local deviation from136

the base model’s QA-style generation distribution 137

and learn a lightweight low-rank residual “patch” 138

via LoRA on top of a frozen base model π0, en- 139

abling controllable local correction that suppresses 140

policy drift and avoids over-correction (Hu et al., 141

2022). 142

Our contributions are summarized as follows: 143

• Distribution Mismatch Insight: We identify 144

a distribution mismatch in existing data-rewriting 145

pipelines and propose an RL-based rewriting frame- 146

work that learns to generate rewrites closer to the 147

backbone’s QA-style generation distribution. 148

• Unified Objective: We introduce a unified ob- 149

jective that enforces task consistency while jointly 150

optimizing distributional alignment and diversity, 151

thereby constructing a higher-quality rewritten 152

dataset with stronger distributional consistency. 153

• Extensive Experiments: Extensive experi- 154

ments demonstrate that our method achieves down- 155

stream performance comparable to standard SFT, 156

while substantially mitigating catastrophic forget- 157

ting on general-domain benchmarks. 158

2 Related Work 159

Catastrophic Forgetting and Optimization. 160

Catastrophic forgetting is widely observed when 161

adapting large language models (LLMs) to domain- 162

specific or downstream data, where downstream 163

gains often come at the expense of general ca- 164

pabilities (Luo et al., 2025; Kang et al., 2025). 165

A traditional line of work mitigates forgetting 166

via rehearsal-based continual learning and pseudo- 167

rehearsal, replaying data from earlier stages to pre- 168

serve prior abilities (Lopez-Paz and Ranzato, 2022; 169

Wang et al., 2024a; Huang et al., 2024b; Du, 2025). 170

More recently, motivated by the off-policy na- 171

ture of SFT, a growing line of work stabilizes 172

post-training by introducing conservative-update 173

mechanisms (e.g., DFT-style anchoring (Wu et al., 174

2025), proximal/trust-region constraints (Zhu et al., 175

2025a), and token-level clipping (Anonymous, 176

2025)) to bound per-step updates and suppress 177

policy drift (Zhu et al., 2025b). However, while 178

these methods improve stability, they can also re- 179

strict adaptation under distribution shift, reflect- 180

ing a practical stability–plasticity tension (Dohare 181

et al., 2024). In contrast, data rewriting offers a 182

data-centric alternative: it proactively narrows the 183

distribution gap between expert demonstrations and 184

the current policy by rewriting supervision targets, 185

2



Figure 1: The framework of rewriting agent.

preserving expert knowledge while making down-186

stream supervision more in-distribution, thereby187

stabilizing training and reducing forgetting (Yang188

et al., 2024; Zhao et al., 2025).189

Diversity Collapse Induced by Formatting190

and Alignment. Recent studies show that struc-191

tured templates and rigid formatting constraints192

can substantially suppress output diversity in193

instruction-tuned LLMs, leading to diversity/mode194

collapse (Yun et al., 2025; Xiao et al., 2025). Re-195

lated analyses further attribute alignment-induced196

mode collapse to typicality bias in preference data,197

suggesting that alignment or template-like prompt-198

ing can systematically contract the effective output199

space (Zhang et al., 2025b; Li et al., 2024).200

3 Method201

3.1 Problem Setup202

Consider a downstream supervised dataset DE =203

{(xi, y⋆i )}Ni=1 and a target policy πθ initialized204

from π0. Standard SFT on DE can be optimization-205

unstable under distribution mismatch, exacerbating206

catastrophic forgetting; see Appendix B. We there-207

fore construct an optimized training dataset that208

narrows this gap at the data level, stabilizing SFT209

updates and mitigating forgetting.210

3.2 Framework 211

To mitigate the off-policy instability of downstream 212

SFT, we adopt a data-centric intervention that 213

rewrites supervision before fine-tuning. While 214

prior data-rewriting pipelines (Yang et al., 2024; 215

Zhao et al., 2025) largely rely on prompt-driven 216

heuristics with a small set of fixed templates, we 217

instead train a dedicated data-rewriting agent Rϕ to 218

perform rewriting. The goal is to produce higher- 219

quality supervision that preserves expert knowl- 220

edge, better matches the base model’s natural QA- 221

style distribution π0(· | x), and explicitly avoids 222

mode collapse by encouraging diverse yet accept- 223

able realizations. 224

Stage I: RL training of the rewriting agent. We 225

learn a parameter-efficient rewriting policy Rϕ on 226

top of a frozen π0 via LoRA adapters (Hu et al., 227

2022). Given an input x, its expert demonstration 228

y⋆, and a rewriting prompt xprompt, the agent gener- 229

ates a rewrite 230

ỹ ∼ Rϕ(· | x, y⋆, xprompt) . (1) 231

We train Rϕ with on-policy RL using automatically 232

evaluable signals that jointly target (i) task con- 233

sistency, (ii) distributional alignment to π0(· | x) 234

(conditioning on x only), and (iii) diversity as an 235

anti-collapse regularizer; the unified reward is de- 236

tailed in Sec. 3.4. 237
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Stage II: dataset construction and downstream238

SFT. We apply the trained Rϕ to construct a239

rewritten dataset DR (with verification and fall-240

back), and then perform standard SFT of πθ (ini-241

tialized from π0) on DR to obtain the final model.242

Details are given in Sec. 3.5.243

3.3 Parameter-Efficient Rewriting Policy and244

GRPO Optimization245

We employ the frozen instruction-tuned base model246

π0 as the backbone and parameterize the rewriting247

policy Rϕ with LoRA adapters, training only a248

small set of adapter parameters ϕ (Hu et al., 2022).249

This parameter-efficient design is well-suited for250

rewriting, which mainly requires lightweight cali-251

bration of existing generation behaviors rather than252

learning a new distribution from scratch. More-253

over, freezing the backbone and restricting updates254

to low-rank adapters provides a capacity-limited255

“patch” over π0, which helps bias learning toward256

targeted adjustments and empirically reduces un-257

necessary drift.258

For optimization, we update Rϕ using Group Rel-259

ative Policy Optimization (GRPO) (Shao et al.,260

2024), a PPO-style on-policy policy-gradient261

method that estimates the baseline from groups262

of sampled outputs, eliminating the need for a sep-263

arate value network. The overall objective is:264

max
ϕ

E(x,y⋆)∼DE , ỹ∼Rϕ(·|x,y⋆,xprompt)

[
r(x, y⋆, ỹ)

]
.

(2)265

3.4 Unified Objective: Task Consistency,266

Distributional Alignment, and Diversity267

To jointly optimize task consistency, distributional268

alignment, and diversity, we define a unified objec-269

tive. For each expert sample (x, y⋆), we sample270

a group of K candidate rewrites ỹ(k) ∼ Rϕ(· |271

x, y⋆, xprompt) to form Sx = {ỹ(k)}Kk=1. For any272

candidate ỹ, we define three reward components:273

rtask(x, y
⋆, ỹ), rdist(x, ỹ), and rdiv(x, ỹ;S+

x ) to274

measure task consistency, distributional alignment,275

and diversity, respectively, where S+
x = {ỹ(k) ∈276

Sx : rtask(x, y
⋆, ỹ(k)) = 1}. We treat rtask ∈277

{0, 1} as a hard feasibility gate: the distributional-278

alignment and diversity rewards are applied only if279

a rewrite passes the task-consistency check; other-280

wise, these auxiliary metrics are masked out. Ac-281

cordingly, we use the following gated total reward:282

r(x, y⋆, ỹ) = rtask(x, y
⋆, ỹ)+

rtask(x, y
⋆, ỹ) ·

(
λdist rdist(x, ỹ) + λdiv rdiv(x, ỹ;S+

x )
)

(3)283

This gating ensures that invalid rewrites (rtask = 0) 284

receive zero reward and that auxiliary rewards are 285

skipped when infeasible, preventing misleading 286

shaping signals while improving training stability 287

and computational efficiency. 288

3.4.1 Task Consistency Reward 289

The task consistency reward rtask(x, y
⋆, ỹ) is a bi- 290

nary gate that checks whether a rewritten sample 291

ỹ satisfies: (i) final-answer correctness and (ii) rea- 292

soning validity. We adopt a coarse-to-fine verifi- 293

cation scheme: we first use a low-cost, rule-based 294

verifier to check the final answer; only when the 295

answer is deemed correct do we invoke a stronger 296

LLM-as-a-judge to assess reasoning consistency 297

and logical soundness, avoiding unnecessary eval- 298

uation on clearly incorrect samples and reducing 299

cases where the answer is correct but the reasoning 300

is unreliable (Zheng et al., 2023; Liu et al., 2023). 301

Formally, we define 302

vans(x, y
⋆, ỹ) ∈ {0, 1}, vrea(x, y

⋆, ỹ) ∈ {0, 1},
(4) 303

where vans denotes the rule-based judgment of 304

final-answer correctness, and vrea denotes the LLM 305

judge’s assessment of reasoning validity (com- 306

puted only when vans = 1). We define the task- 307

consistency reward as 308

rtask(x, y
⋆, ỹ) = vans(x, y

⋆, ỹ)·vrea(x, y
⋆, ỹ) ∈ {0, 1}.

(5) 309

3.4.2 Distributional Alignment Reward 310

To encourage rewrites that are in-distribution un- 311

der standard QA-style generation, we score each 312

rewrite using the frozen base model under the QA 313

condition π0(· | x) and reward higher generatabil- 314

ity (i.e. higher likelihood) under this distribution. 315

Specifically, we compute the length-normalized 316

negative log-likelihood (NLL) of ỹ: 317

ℓdist(x, ỹ) = − 1

|ỹ|

|ỹ|∑
t=1

log π0(ỹt | x, ỹ<t) . (6) 318

We then map it to a bounded, monotonic reward via 319

group-wise normalization. Specifically, for each in- 320

put x, we compute the mean and standard deviation 321

of ℓdist over the feasible candidate set S+
x , denoted 322

as µx and σx, and define the normalized score 323

ℓ̂dist(x, ỹ) =
ℓdist(x, ỹ)− µx

σx + ϵ
, (7) 324
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where ϵ is a small constant for numerical stability.325

We then apply a bounded, monotonic mapping:326

rdist(x, ỹ) =
1

1 + exp
(
ℓ̂dist(x, ỹ)

) . (8)327

This group-wise normalization improves numeri-328

cal resolution by removing prompt-dependent scale329

in NLL values, while preserving the within-group330

ordering. It is also aligned with common stabil-331

ity practices in GRPO-style optimization, where332

reward whitening is used to stabilize learning dy-333

namics. Consequently, the policy is encouraged to334

generate rewrites that are more in-distribution un-335

der the base model’s QA-style generation π0(· | x).336

3.4.3 Diversity Reward337

To mitigate mode collapse and template-induced338

homogeneity, we encourage semantic diversity339

among feasible (task-consistent) rewrites for the340

same input x, and compute diversity only on S+
x341

to avoid noise from invalid samples. For brevity,342

when (x, y⋆) is clear from context, we write343

rtask(ỹ) = rtask(x, y
⋆, ỹ), and let m = |S+

x |. When344

m < 2, semantic diversity is ill-defined, so we set345

rdiv = 0; when m ≥ 2, we map each ỹ(k) ∈ S+
x346

into a semantic space with an embedding function347

f(·) and normalize it as e(k) = f(ỹ(k))

∥f(ỹ(k))∥ . We de-348

fine the pairwise semantic distance as349

d
(
e(i), e(j)

)
=

1− cos
(
e(i), e(j)

)
2

∈ [0, 1]. (9)350

The set-level semantic diversity is351

D(S+
x ) =

2

m(m− 1)

∑
1≤i<j≤m

d
(
e(i), e(j)

)
.

(10)352

To provide fine-grained credit assignment, we353

define a marginal contribution diversity reward354

for each feasible candidate. For ỹ(k) ∈ S+
x , let355

S+
x,−k = S+

x \ {ỹ(k)}, and define its marginal con-356

tribution as357

∆(k)(S+
x ) = D(S+

x )−D(S+
x,−k). (11)358

Accordingly, the diversity reward is359

r
(k)
div = 1

[
rtask(ỹ

(k)) = 1
]
·
[
∆(k)(S+

x )
]
+
, (12)360

where [z]+ = max(0, z). This marginal formula-361

tion encourages each feasible rewrite to contribute362

novel semantic content to the candidate set, directly363

discouraging template-induced homogeneity while364

avoiding spurious diversity signals from invalid365

rewrites.366

3.5 Rewriting Dataset Construction and 367

Downstream SFT 368

After training the rewriting policy Rϕ, we construct 369

the rewritten dataset via a GENERATE–VERIFY– 370

FALLBACK pipeline. For each expert sample 371

(x, y⋆) ∈ DE , we first sample a rewrite 372

ỹ ∼ Rϕ(· | x, y⋆, xprompt) . (13) 373

We then re-apply the same task-consistency check 374

used during training, rtask(x, y
⋆, ỹ). If the check 375

passes (rtask = 1), we adopt ỹ as the supervision 376

target; otherwise (rtask = 0), we fall back to the 377

original expert demonstration y⋆ to avoid losing 378

supervision due to rewriting failures. Formally, we 379

set 380

ŷ =

{
ỹ, rtask(x, y

⋆, ỹ) = 1,

y⋆, otherwise.
(14) 381

Collecting {(xi, ŷi)}Ni=1 yields the rewritten train- 382

ing set DR. Finally, we perform standard super- 383

vised fine-tuning of the target policy πθ (initialized 384

from π0) on DR using maximum likelihood train- 385

ing, obtaining the final model. 386

4 Experiments 387

4.1 Experimental Setup 388

Following the Mind the Gap (Zhao et al., 2025) 389

setting, we treat mathematical reasoning as the 390

downstream capability to improve, and quantify 391

catastrophic forgetting via performance changes on 392

general-domain benchmarks. 393

Datasets. For training data, we use two widely 394

adopted math corpora, NuminaMath-CoT (LI et al., 395

2024) and OpenMathReasoning (Moshkov et al., 396

2025). We randomly sample from the merged pool, 397

filter out overlong examples (> 8192 tokens), and 398

obtain 100K instances in total, split evenly into 50K 399

for GRPO-based rewriting-agent training and 50K 400

for downstream SFT. For downstream math evalua- 401

tion, we report results on Math500 (Lightman et al., 402

2023), MinervaMath (Lewkowycz et al., 2022), 403

AMC23 (Yao et al., 2025), AGIEval-Math (Zhong 404

et al., 2023), and IMO-Bench (Luong et al., 2025). 405

To assess out-of-domain generalization and quan- 406

tify catastrophic forgetting, we further evaluate on 407

MMLU (Hendrycks et al., 2021b,a), MMLU-Pro (Wang 408

et al., 2024b), and AGIEval (Zhong et al., 2023) 409

with math-related subsets removed. Detailed 410

dataset descriptions are provided in Appendix C. 411
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Model MathAvg Math↑ (%) GeneralAvg Gen↓ (%) OverallAvg
Llama-3.2-1B-Instruct 12.42 – 27.34 – 19.88

+ SFT 15.40 ↑23.99 22.60 ↓17.34 19.00
+ SDFT 13.80 ↑11.11 23.80 ↓12.95 18.80
+ Mind the GAP 12.92 ↑4.03 24.41 ↓10.72 18.67
+ Rewriting-agent 15.10 ↑21.58 25.92 ↓5.19 20.51

Llama-3.2-3B-Instruct 18.90 – 45.21 – 32.06
+ SFT 21.81 ↑15.40 37.26 ↓17.58 29.54
+ SDFT 19.84 ↑4.97 40.32 ↓10.82 30.08
+ Mind the GAP 20.30 ↑7.41 40.44 ↓10.55 30.37
+ Rewriting-agent 21.12 ↑11.75 43.17 ↓4.51 32.15

Mistral-7B-Instruct-v0.3 10.61 – 40.53 – 25.57
+ SFT 16.36 ↑54.19 32.76 ↓19.17 24.56
+ SDFT 13.77 ↑29.78 35.36 ↓12.76 24.57
+ Mind the GAP 14.60 ↑37.61 34.43 ↓15.05 24.52
+ Rewriting-agent 16.47 ↑55.23 37.55 ↓7.35 27.01

Table 1: Math↑ denotes the relative MathAvg improvement over the instruct-tuned base within the same block:
(M −Mbase)/Mbase × 100. Gen↓ denotes the relative GeneralAvg drop: (Gbase − G)/Gbase × 100. OverallAvg
= (MathAvg + GeneralAvg)/2.

Backbone Models. We experiment with412

instruction-tuned backbones of different scales413

and training recipes: Llama-3.2-1B-Instruct,414

Llama-3.2-3B-Instruct (Grattafiori et al., 2024)415

and Mistral-7B-Instruct-v0.3 (Jiang et al.,416

2023). This allows us to test whether the proposed417

rewriting-agent framework is robust across model418

sizes and families.419

Baselines. Under the same backbone π0, the420

same task-consistency verifier, and identical down-421

stream SFT hyperparameters and data split, we422

compare: (1)Vanilla SFT (SFT on the original423

corpus), (2)SDFT (Yang et al., 2024) (template-424

based rewrite + verify + fallback), (3)Mind425

the Gap (Zhao et al., 2025) (self-solve, then426

rewrite failed cases + verify + fallback), and427

(4)Rewriting-agent (Ours) (learned policy428

rewriting + the same verify/fallback rule). Detailed429

descriptions are provided in Appendix D.430

Training Details. For downstream SFT, we use431

LLaMA-Factory (Zheng et al., 2024) with the432

AdamW optimizer, a global batch size of 128, and433

fine-tune for 2 epochs. We use a learning rate of434

5 × 10−6 for Mistral-7B-Instruct-v0.3, and435

7 × 10−6 for both Llama-3.2-1B-Instruct and436

Llama-3.2-3B-Instruct. For training the rewrit-437

ing agent, we implement GRPO optimization with438

verl (Sheng et al., 2024). We freeze the backbone439

π0 and update only the LoRA adapter parameters.440

We use a global batch size of 512 prompts and sam-441

ple K=10 candidate rewrites per prompt. Further 442

details are provided in Appendix E. 443

4.2 Main Results 444

Table 1 summarizes the trade-off between down- 445

stream math gains and out-of-distribution gener- 446

alization retention across three instruction-tuned 447

backbones. Overall, Vanilla SFT yields the 448

largest math gains, but it also incurs the most severe 449

degradation on general-domain benchmarks, indi- 450

cating pronounced catastrophic forgetting. Fixed- 451

prompt self-rewriting baselines (SDFT and Mind 452

the Gap) partially mitigate this drop, but achieve 453

smaller math improvements, suggesting that heuris- 454

tic prompting alone is insufficient to jointly opti- 455

mize task improvement and distributional align- 456

ment. 457

In contrast, our Rewriting-agent achieves the 458

best OverallAvg across all three backbones and 459

consistently improves the gain–forgetting trade- 460

off: it attains math gains broadly comparable 461

to Vanilla SFT while exhibiting substantially 462

smaller generalization drops. For example, on 463

Mistral-7B-Instruct-v0.3, Rewriting-agent 464

matches or slightly exceeds SFT in math gains 465

(+55.23% vs. +54.19%) while reducing the gen- 466

eralization drop from 19.17% to 7.35%. Overall, 467

these results demonstrate the effectiveness of our 468

method in improving the gain–forgetting trade-off: 469

learning to rewrite supervision under explicit ob- 470

jectives of task consistency, QA-style generatabil- 471
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Figure 2: Downstream SFT training loss over training steps for three backbones and four methods.

Method Llama-1B Llama-3B Mistral-7B

SDFT 53.39 66.33 69.28
Mind the Gap 53.47 67.42 69.74
Rewriting-agent 60.19 74.96 77.43

Table 2: Task-consistency yield (%): fraction of rewrites
passing rtask for each method and backbone.

ity, and diversity mitigates over-shifting and catas-472

trophic forgetting with little to no sacrifice in down-473

stream gains. Detailed per-benchmark results are474

reported in Appendix G.1.475

4.3 Analysis476

Why does the Rewriting-agent reduce forget-477

ting? We attribute the improved retention to the478

stronger alignment between our rewritten data and479

the backbone’s QA-style generation distribution.480

Specifically, Figure 2 shows that, across back-481

bones, downstream SFT on Rewriting-agent tar-482

gets starts from a noticeably lower training loss483

and converges to a lower and more stable plateau,484

outperforming SFT and fixed-prompt self-rewriting485

baselines (SDFT and Mind the Gap). This suggests486

that the rewritten data are easier to fit under the487

standard QA-style maximum-likelihood objective,488

which is consistent with more stable optimization489

and reduced reliance on abrupt, large-magnitude490

updates; such updates can over-shift the policy to-491

ward the downstream distribution and exacerbate492

catastrophic forgetting.493

Task-consistency yield. We report the pass rate494

of the task-consistency gate rtask during rewriting495

in Table 2. Compared to fixed-prompt rewriting,496

the learned rewriting policy substantially increases497

the fraction of feasible rewrites, thereby reducing498

reliance on fallback to the original expert demon-499

strations. As a result, the constructed rewritten500

dataset DR exhibits higher supervision quality and501

Variant MathAvg GeneralAvg TC-Yield

Full (ours) 21.12 43.14 74.96
w/o rdist 20.73 39.37 74.58
w/o rdiv 20.18 40.93 75.34
task-only 20.07 39.23 78.25

Table 3: Reward-component ablations of the Stage I
GRPO objective (TC-Yield in %).

stronger distributional consistency, which in turn 502

improves generalization retention and leads to less 503

catastrophic forgetting. 504

4.4 Ablation Study 505

We conduct an ablation study on 506

Llama-3.2-3B-Instruct to quantify the contribu- 507

tion of each key component in our rewriting-agent 508

framework. Detailed per-benchmark ablation 509

results for all variants are reported in Appendix G.2 510

(Table 7). 511

Effect of reward components. We ablate reward 512

components in the Stage I GRPO objective while 513

keeping the backbone π0, task-consistency veri- 514

fier, data split, and downstream SFT hyperparame- 515

ters fixed (Table 3). Removing the distributional- 516

alignment reward rdist causes the largest drop in 517

generalization retention, indicating that encourag- 518

ing QA-style generatability under π0(· | x) is cru- 519

cial for mitigating forgetting. Removing the di- 520

versity regularizer rdiv also degrades performance, 521

with a more pronounced impact on in-domain 522

math results, suggesting complementary regular- 523

ization beyond feasibility and alignment. Notably, 524

task-only attains the highest pass rate yet per- 525

forms worst overall, showing that feasibility alone 526

is insufficient without additional shaping toward 527

in-distribution targets. 528

Success-only supervision quality. We conduct 529

downstream SFT on the success-only subset 530

7



Figure 3: Downstream SFT training loss on the success-
only subset for Llama-3.2-3B-Instruct.

Construction Nums MathAvg GeneralAvg

Fallback (default) 50000 21.12 43.17
Success-only 37483 20.30 43.70

Table 4: Ablation of fallback in dataset construction on
Llama-3.2-3B-Instruct. Num. denotes the number
of training instances used for downstream SFT.

and report the training loss in Figure 3, en-531

abling a controlled comparison between rewrites532

that are successfully generated by our rewrit-533

ing agent and those produced via successful534

self-rewriting (i.e., SDFT). Figure 3 shows that535

Rewriting-agent-success converges to a lower536

and smoother loss than SDFT-success, suggesting537

that our learned rewrites are more in-distribution538

and thus easier to fit under the QA-style maximum-539

likelihood objective. We provide qualitative case540

studies in Appendix F, showing that although the541

model’s direct rewrites (SDFT) are also task-correct,542

our learned rewrites better match the model’s natu-543

ral QA-style completion patterns, thereby yielding544

a more stable and effective training signal.545

Generate–Verify–Fallback. We ablate the fall-546

back step by training on success-only rewrites and547

compare it with the default GENERATE–VERIFY–548

FALLBACK construction. As shown in Table 4,549

success-only preserves general performance but550

limits downstream math gains due to reduced su-551

pervision coverage.552

Hard gate vs. soft shaping. We compare the pro-553

posed hard gating with a soft variant that always554

applies auxiliary rewards (Table 5). Soft shaping555

reduces PassGate (74.96→71.58) and substantially556

hurts MathAvg (21.12→19.52), suggesting that ap-557

plying auxiliary rewards to incorrect candidates can558

introduce noisy shaping signals. Hard gating yields559

Variant MathAvg GeneralAvg TC-Yield

Hard gate (ours) 21.12 43.14 74.96
Soft shaping 19.52 42.96 71.58

Table 5: Hard gating vs. soft shaping on
Llama-3.2-3B-Instruct.

Figure 4: Effect of candidate group size K
in GRPO training of the rewriting agent on
Llama-3.2-3B-Instruct.

a better overall trade-off by restricting auxiliary 560

rewards to feasible rewrites. 561

Candidate group size K. We sweep K ∈ 562

{5, 10, 15, 20} in GRPO training (Figure 4). 563

Larger K generally improves performance but 564

shows diminishing returns; we use K=10 by de- 565

fault as a practical trade-off. 566

5 Conclusion 567

Downstream supervised fine-tuning (SFT) is an 568

effective and practical approach for adapting 569

instruction-tuned large language models to tar- 570

get tasks, yet under distribution shift, a mismatch 571

between expert demonstrations and the model’s 572

natural generation distribution can induce opti- 573

mization instability and catastrophic forgetting. 574

To address this, we propose and learn an RL- 575

based supervision-rewriting policy, implemented 576

as lightweight LoRA patches on a frozen backbone 577

and trained with GRPO using hard-gated, auto- 578

matically evaluable reward signals, to produce su- 579

pervision targets that are task-consistent, closer to 580

the backbone’s QA-style distribution, and diverse. 581

Across multiple backbones, our method achieves 582

downstream performance broadly comparable to 583

standard SFT while substantially reducing degrada- 584

tion on general-domain benchmarks, improving the 585

gain–retention trade-off and effectively mitigating 586

catastrophic forgetting. 587

8



Limitations588

Our study has several limitations. First, due to com-589

putational constraints, we evaluate the proposed590

rewriting-agent on small to mid-scale instruction-591

tuned backbones (up to 7B parameters). Extend-592

ing the framework to larger models and longer-593

context settings may require additional engineering594

and compute. Second, our evaluation focuses on595

mathematical reasoning as the downstream domain596

and measures generalization retention primarily via597

math-removed general benchmarks. While these598

settings follow prior work, the conclusions may not599

fully generalize to other downstream domains (e.g.,600

code, dialogue, or safety-critical applications) or to601

alternative retention metrics. Third, our reward de-602

sign relies on automatically evaluable signals and603

a task-consistency verifier. Although this enables604

scalable training, the verifier and reward heuristics605

may be imperfect and could bias the rewriting be-606

havior toward what is easiest to verify. Finally, we607

adopt a specific dataset-construction pipeline (veri-608

fication with fallback). Other construction choices609

(e.g., different selection strategies or multi-rewrite610

retention) may further affect the gain–forgetting611

trade-off and warrant future investigation.612
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A The use of Large Language 898

Models(LLMs) 899

In the preparation of this work, we used LLMs 900

as auxiliary tools in a limited capacity. Specifi- 901

cally, LLMs assisted in drafting portions of the 902

code and in refining the wording of certain sen- 903

tences for clarity and readability. All technical 904

content, including the design of algorithms, experi- 905

mental methodology, analysis, and interpretations, 906

was independently developed by the authors. The 907

use of LLMs was confined to language refinement 908

and coding suggestions, and did not influence the 909

scientific contributions or results reported in this 910

paper. 911

B Why Standard SFT Can Be Unstable 912

Off-policy view and an importance-weighted 913

form. Standard SFT minimizes the sequence- 914

level negative log-likelihood on an expert dataset 915

DE = {(x, y⋆)}: 916

LSFT(θ) = E(x,y⋆)∼DE
[− log πθ(y

⋆ | x)] , (15) 917
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whose gradient is918

∇θLSFT(θ) = E(x,y⋆)∼DE
[−∇θ log πθ(y

⋆ | x)] .
(16)919

This expectation is taken under a fixed expert be-920

havior distribution rather than under on-policy sam-921

pling from the current model πθ(· | x), hence SFT922

can be viewed as an off-policy learning signal.923

Following prior work (Wu et al., 2025), the same924

gradient can be written as an expectation under the925

current policy via an importance-weighted “resam-926

ple + reweight” form. Let Dx denote the empirical927

marginal over inputs induced by DE . For each x,928

sample y ∼ πθ(· | x); then929

E(x,y⋆)∼DE
[−∇θ log πθ(y

⋆ | x)] =

Ex∼Dx, y∼πθ(·|x)

[
1[y = y⋆]

πθ(y | x)
(
−∇θ log πθ(y | x)

)]
.

(17)930

Intuitively, the indicator 1[y = y⋆] keeps only the931

exact expert trajectory among on-policy samples,932

while the inverse-probability factor 1/πθ(y | x)933

reweights the remaining samples to match the ex-934

pert expectation (closely related to inverse propen-935

sity scoring in off-policy learning).936

Key issue: inverse-probability amplification and937

high variance. The crucial implication of the938

above form is the implicit inverse-probability fac-939

tor 1/πθ(y
⋆ | x). When πθ assigns extremely940

low probability to the expert demonstration y⋆,941

this factor becomes large, excessively amplify-942

ing the corresponding update and yielding high-943

variance, potentially unstable optimization dynam-944

ics. This is a well-known failure mode of im-945

portance weighting/off-policy estimation: small946

denominator probabilities lead to heavy-tailed947

weights and unstable learning signals (e.g., inverse948

propensity weighting) (??).949

Connection to policy drift and catastrophic for-950

getting (token-level intuition). Expanding the951

log-likelihood in an autoregressive, token-level952

form,953

log πθ(y
⋆ | x) =

|y⋆|∑
t=1

log πθ(y
⋆
t | x, y⋆<t) , (18)954

reveals that an SFT step aggregates gradients over955

all positions. If the expert sequence contains to-956

kens that are very low-likelihood under the cur-957

rent model (especially early in fine-tuning under958

substantial distribution shift), those positions can959

dominate the gradient, producing optimization in- 960

stability (e.g., more frequent or larger loss spikes 961

/ gradient fluctuations) and inducing stronger pol- 962

icy drift toward the downstream distribution. Such 963

over-shifting can come at the expense of previously 964

acquired general capabilities, thereby exacerbating 965

catastrophic forgetting (Zhang et al., 2025c; Zhu 966

et al., 2025a). 967

Relevance to our approach. Motivated by this 968

off-policy perspective, our method intervenes at 969

the data source: we learn a rewriting policy that 970

adjusts supervision targets to be (i) task-consistent 971

and (ii) more generatable under the backbone’s 972

QA-style distribution π0(· | x). By reducing low- 973

likelihood supervision targets under QA-style gen- 974

eration, downstream SFT is less exposed to implic- 975

itly amplified, high-variance updates, which helps 976

stabilize optimization and mitigates forgetting. 977

C Dataset Details 978

C.1 Training Corpora 979

NuminaMath-CoT. NuminaMath-CoT is a large- 980

scale math reasoning corpus consisting of diverse 981

competition- and school-level problems paired with 982

chain-of-thought (CoT) solutions. Its sources span 983

Chinese K-12 exercises, AMC/AIME-style con- 984

tests, and international Olympiad problems, col- 985

lected primarily from online exam PDFs and math- 986

ematics discussion forums. The dataset undergoes 987

OCR, segmentation into problem–solution pairs, 988

translation into English, and post-processing to 989

align solutions into a CoT format with standardized 990

final answers. Each instance provides the problem 991

statement and an English CoT solution (with a fi- 992

nal answer), together with a coarse-grained source 993

tag. In our experiments, we sample from this cor- 994

pus and apply a length filter to exclude overlong 995

instances. 996

OpenMathReasoning. OpenMathReasoning is 997

a large-scale math reasoning dataset built primarily 998

from AoPS problems. It contains multiple supervi- 999

sion modalities, including long CoT solutions and 1000

tool-integrated reasoning (TIR) solutions, as well 1001

as a selection set that chooses the most promis- 1002

ing solution among candidates. Problem state- 1003

ments are preprocessed for quality, and solutions 1004

are synthesized by strong open models. We treat 1005

OpenMathReasoning as complementary training 1006

data to NuminaMath-CoT due to its high coverage 1007

of contest-style problems and its diverse solution 1008
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traces. In our setup, we merge the two corpora,1009

randomly sample instances, and filter out examples1010

whose tokenized length exceeds the model context1011

limit.1012

C.2 Math Evaluation Benchmarks1013

Math500. Math500 is a curated 500-problem1014

subset of the MATH benchmark. It features1015

competition-style questions across multiple sub-1016

jects (e.g., algebra, number theory, geometry, pre-1017

calculus) and difficulty levels. Each example pro-1018

vides a problem statement and a reference solution1019

with a final answer string. We evaluate by extract-1020

ing the model’s final answer and matching it against1021

the reference answer under our normalization rules.1022

MinervaMath. MinervaMath targets advanced1023

quantitative reasoning problems at the undergradu-1024

ate level, covering broad STEM topics (e.g., physic-1025

s/astronomy, basic engineering-style calculations,1026

and mathematical modeling). Problems typically1027

require multi-step derivations and yield a short veri-1028

fiable final answer (number or expression). We use1029

the official test split and report answer accuracy1030

based on final-answer extraction.1031

AMC23. AMC23 consists of problems from the1032

2023 AMC (American Mathematics Competitions),1033

which are short, competition-style questions with1034

concise numeric answers. Compared with larger1035

math benchmarks, AMC problems emphasize al-1036

gebraic manipulation, counting/probability, and ge-1037

ometry in a compact format. We report accuracy1038

using final-answer matching.1039

AGIEval-Math. AGIEval is a suite of1040

standardized-exam questions spanning multiple1041

subjects and languages. We define AGIEval-Math1042

as the math-related subsets in AGIEval, including1043

SAT-style math, AQuA-RAT quantitative reason-1044

ing, and Gaokao math in both QA and cloze-style1045

formats, as well as the MATH subset included by1046

AGIEval. This benchmark mixes multiple-choice1047

and open-form (cloze) questions; we follow the1048

standard evaluation protocol for each subset and1049

compute overall accuracy.1050

IMO-Bench (Answer subset). IMO-Bench tar-1051

gets Olympiad-level reasoning. Since proof grad-1052

ing is expensive and often requires expert assess-1053

ment, we focus on its answer-verifiable component1054

(often referred to as IMO-AnswerBench), which1055

contains Olympiad problems with short, checkable1056

final answers. The problems are curated to cover1057

diverse topics (algebra, combinatorics, geometry, 1058

number theory) and to reduce memorization via ex- 1059

pert editing/robustification. We report final-answer 1060

accuracy under the same extraction and normal- 1061

ization pipeline as other open-answer math bench- 1062

marks. 1063

C.3 General-Domain Benchmarks for 1064

Forgetting 1065

MMLU (math removed). MMLU is a general- 1066

domain multiple-choice benchmark covering a 1067

broad set of academic subjects. To quantify catas- 1068

trophic forgetting outside the math domain, we re- 1069

move the math-related subjects (e.g., abstract alge- 1070

bra, college mathematics, elementary mathematics, 1071

high school mathematics, and high school statis- 1072

tics) and evaluate on the remaining subjects using 1073

the standard multiple-choice protocol. 1074

MMLU-Pro (math removed). MMLU-Pro is a 1075

more challenging and carefully curated extension 1076

of MMLU, designed to reduce shortcut artifacts and 1077

increase difficulty. We exclude the mathematics do- 1078

main (and any explicitly math-labeled subsets) and 1079

report accuracy on the remaining domains using 1080

the standard multiple-choice protocol. 1081

AGIEval (math removed). To measure general- 1082

domain transfer beyond math within the AGIEval 1083

suite, we exclude the math-related subsets used to 1084

form AGIEval-Math and evaluate on the remaining 1085

exam tasks (primarily multiple-choice) following 1086

the official evaluation procedure. 1087

D Baseline Details 1088

Common setup. All baselines use the same back- 1089

bone model π0, the same task-consistency veri- 1090

fier, the same training/evaluation split, and identi- 1091

cal downstream SFT hyperparameters. Let each 1092

training instance be (x, y⋆), where x is the instruc- 1093

tion/input and y⋆ is the expert demonstration. For 1094

methods involving rewriting, we construct a train- 1095

ing target y via a unified verify–fallback rule: 1096

y =

{
ỹ, if Verify(x, y⋆, ỹ) = 1,

y⋆, otherwise,
1097

where ỹ denotes the generated rewrite/candidate 1098

output. 1099

Vanilla SFT. We directly perform supervised 1100

fine-tuning on the original corpus, i.e., y = y⋆ for 1101

every instance. No rewriting is applied. 1102
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SDFT (Yang et al., 2024). For each instance, we1103

prompt the frozen backbone π0 with a fixed rewrit-1104

ing template to produce a candidate rewrite ỹ from1105

(x, y⋆). We then apply the same task-consistency1106

verifier. Verified rewrites are used as SFT targets;1107

otherwise we fall back to the original expert demon-1108

stration y⋆.1109

Mind the Gap (Zhao et al., 2025). We first1110

prompt π0 to self-solve the input x, producing a1111

solution ŷ. If ŷ passes verification, we keep it as1112

the SFT target. Otherwise, we rewrite the expert1113

demonstration using a fixed rewriting template to1114

obtain ỹ, verify it, and fall back to y⋆ if verification1115

still fails. This procedure rewrites supervision only1116

for the instances where self-solving fails.1117

Rewriting-agent (Ours). We replace1118

template-based rewriting with a learnable rewriting1119

policy Rϕ that generates a candidate rewrite1120

ỹ = Rϕ(x, y
⋆) (with π0 as the backbone). We1121

then construct the rewriting dataset using the1122

same verify–fallback rule above and perform1123

downstream SFT on the resulting targets. Com-1124

pared to template-based baselines, this keeps the1125

verification and fallback mechanism fixed while1126

changing only the rewriting policy.1127

E Training Details1128

E.1 Downstream SFT1129

We perform downstream supervised fine-tuning1130

(SFT) with LLaMA-Factory (Zheng et al., 2024)1131

using the AdamW optimizer and bfloat16 mixed1132

precision. Unless otherwise specified, we use1133

the default AdamW hyperparameters (i.e., β1=0.9,1134

β2=0.999, ϵ=10−8), apply gradient clipping with1135

max norm 1.0, and set weight decay to 0.0. For all1136

backbones, we fine-tune for 2 epochs with a per-1137

device batch size of 4 and gradient accumulation of1138

8, resulting in a global batch size of 128 when using1139

4 GPUs. We adopt a cosine learning-rate sched-1140

ule with a warmup ratio of 0.1. We use a learning1141

rate of 5× 10−6 for Mistral-7B-Instruct-v0.31142

and 7 × 10−6 for both Llama-3.2-1B-Instruct1143

and Llama-3.2-3B-Instruct. To support full-1144

parameter fine-tuning under limited GPU mem-1145

ory, we enable DeepSpeed ZeRO-3 with the con-1146

figuration file ds_z3_config.json (provided in1147

the LLaMA-Factory examples), which shards op-1148

timizer states, gradients, and model parameters1149

across GPUs. We run ZeRO-3 without CPU of-1150

floading. Training is executed with distributed data1151

parallelism; we set a sufficiently large DDP timeout 1152

to avoid premature termination in long-sequence 1153

runs. 1154

E.2 Rewriting-agent training (GRPO + 1155

LoRA) 1156

We train the rewriting agent with verl, an RL train- 1157

ing framework for LLMs. The instruction-tuned 1158

backbone π0 is frozen, and we parameterize the 1159

rewriting policy Rϕ using LoRA patch adapters 1160

applied to all linear layers, with rank r=64 and 1161

α=32. We optimize only the LoRA parameters 1162

using GRPO-style policy optimization. For GRPO 1163

training, we use a global batch of 512 prompts and 1164

sample K candidate rewrites per prompt for group- 1165

relative updates (default K=10, unless explicitly 1166

swept). We cap the maximum prompt length and 1167

response length to 2048 and 4096 tokens, respec- 1168

tively, and filter or truncate overlong prompts fol- 1169

lowing the verl data pipeline. 1170

To accelerate rollouts and log-probability com- 1171

putation, we use a vLLM-based rollout engine dur- 1172

ing GRPO training, with conservative GPU mem- 1173

ory utilization to stabilize long-sequence decod- 1174

ing. Reward computation uses our custom auto- 1175

matically evaluable signals (task-consistency gate, 1176

QA-style generatability under π0(· | x), and 1177

within-group diversity) as described in Sec. 3.4. 1178

For embedding-based similarity computations in 1179

the reward (e.g., the diversity term), we use the 1180

Qwen-Embedding-0.6B model. 1181

E.3 Rewriting inference with vLLM 1182

To generate rewritten datasets from the trained 1183

agent, we perform batched decoding with 1184

vLLM (Kwon et al., 2023) using tensor parallelism 1185

over 4 GPUs. We use greedy decoding for deter- 1186

minism (temperature = 0.0, top_p = 1.0) and 1187

allow up to 8192 new tokens per output, without 1188

specifying an explicit stop sequence. We use a 1189

batch size of 36 for generation and do not apply 1190

retries for failed rewrites (failed cases are handled 1191

by verification and fallback during dataset construc- 1192

tion). 1193

E.4 Prompt Templates 1194

We use those prompt templates for rewriting, math 1195

evaluation, and general multiple-choice evaluation. 1196
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Rewriting Prompt

You are an expert in math word problems.
Below is a math word problem and an
existing step-by-step solution.

Please rewrite the solution in your own
words while keeping all reasoning steps
correct and keeping the final answer the
same.

Follow these rules:
- Keep the explanation clear and step by

step.
- Do NOT mention that you are rewriting

another solution.
- At the end, on a separate line, output

ONLY the final answer in LaTeX boxed
format, exactly like:

$\boxed{56}$
Use dollar signs and \boxed{} exactly as

shown.

Problem:
{question}

Existing solution (for reference, do NOT
copy it verbatim):

{original_solution}

1197

Math Evaluation Prompt

You are an expert in math word problems.
Read the following problem and solve it step

by step.
At the end, on a separate line, output ONLY

the final answer in LaTeX boxed format,
exactly like:

$\boxed{56}$
Use dollar signs and \boxed{} exactly as

shown.
Problem: {question}

1198

General Evaluation Prompt

You are an expert problem solver.
Read the following multiple-choice question

and solve it step by step.
Choose the best option.
At the end, on a separate line, output ONLY

the final option letter in LaTeX boxed
format, exactly like:

$\boxed{A}$
Use dollar signs and \boxed{} exactly as

shown.
Question: {question}
Options:
{options}

1199

F Case Study 1200

1201

Example Problem

What is the greatest 3-digit base 8 positive
integer that is divisible by 7?

(Express your answer in base 8.)

1202

Original Demonstration (loss ≈ 0.74)

1. The greatest 3-digit number in base 8 is
$777_8$.

2. Convert $777_8$ to decimal:
\[
7 \cdot 8^2 + 7 \cdot 8^1 + 7 \cdot 8^0 =

7 \cdot 64 + 7 \cdot 8 + 7 = 448 + 56 +
7 = 511

\]
3. Find the largest number less than or

equal to 511 that is divisible by 7. The
closest number is:

\[
511 \div 7 = 73 \text{ R } 0
\]
Therefore, 511 itself is divisible by 7.

4. Convert 511 back to base 8:
- $511 \div 8 = 63$ remainder 7
- $63 \div 8 = 7$ remainder 7
- $7 \div 8 = 0$ remainder 7
Thus, $511_{10} = 777_8$.

Conclusion:
The greatest 3-digit base 8 number divisible

by 7 is $\boxed{777_8}$.

1203

Direct Rewrite (loss ≈ 0.63)

To find the greatest 3-digit base 8 positive
integer that is divisible by 7, we
first identify the largest 3-digit
number in base 8, which is $777_8$.

We then convert $777_8$ to decimal to check
for divisibility by 7. The conversion
involves calculating $7 \cdot 8^2 + 7 \
cdot 8^1 + 7 \cdot 8^0$, which
simplifies to $7 \cdot 64 + 7 \cdot 8 +
7 = 448 + 56 + 7 = 511$.

Since $511$ is divisible by 7 with no
remainder, it is the number we are
looking for. To express $511$ in base 8,
we perform successive divisions by 8
and record the remainders: $511 \div 8 =
63$ remainder 7, $63 \div 8 = 7$
remainder 7, and $7 \div 8 = 0$
remainder 7. Therefore, $511_{10} = 777
_8$.

The greatest 3-digit base 8 number divisible
by 7 is $\boxed{777_8}$.

1204
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Ours (loss ≈ 0.44)

Step 1: Understand the problem
We are asked to find the greatest 3-digit

base 8 positive integer that is
divisible by 7.

Step 2: Find the greatest 3-digit base 8
number

The greatest 3-digit number in base 8 is
$777_8$.

Step 3: Convert $777_8$ to decimal
To convert $777_8$ to decimal, we need to

multiply each digit by the corresponding
power of 8 and add them together.

$7 \cdot 8^2 + 7 \cdot 8^1 + 7 \cdot 8^0 = 7
\cdot 64 + 7 \cdot 8 + 7 = 448 + 56 + 7
= 511$

Step 4: Find the largest number less than or
equal to 511 that is divisible by 7

To find the largest number less than or
equal to 511 that is divisible by 7, we
can divide 511 by 7.

$511 \div 7 = 73$ with a remainder of 0, so
511 is divisible by 7.

Step 5: Convert 511 back to base 8
To convert 511 back to base 8, we can divide

it by 8 and keep track of the
remainders.

$511 \div 8 = 63$ with a remainder of 7
$63 \div 8 = 7$ with a remainder of 7
$7 \div 8 = 0$ with a remainder of 7
So, $511_{10} = 777_8$

Step 6: Determine the greatest 3-digit base
8 number divisible by 7

Since 511 is the greatest 3-digit base 8
number that is divisible by 7, the
greatest 3-digit base 8 number divisible
by 7 is $777_8$.

$\boxed{777_8}$

1205

Brief Analysis. This example is task-correct across1206

all versions, but the supervision targets differ in1207

how learnable and distribution-aligned they are un-1208

der SFT.1209

• Original (0.74) is correct but includes more1210

verbose narration and repeated conversion1211

scaffolding, which increases sequence length1212

and token-level uncertainty.1213

• Direct rewrite (0.63) reduces redundancy,1214

improving conciseness and slightly lowering1215

loss, but still follows a generic narrative tem-1216

plate.1217

• Ours (0.44) yields the lowest loss: the rewrit-1218

ten target retains only the essential dependen-1219

cies needed to justify the answer, while match-1220

ing the model’s preferred structured problem- 1221

solving format, resulting in a sharper training 1222

signal. 1223

G Details Results 1224

G.1 Per-benchmark Breakdown of Main 1225

Results 1226

This appendix reports the full per-benchmark accu- 1227

racies (%) corresponding to the aggregated scores 1228

in Table 1. We evaluate five in-domain math bench- 1229

marks (AMC23, AGI-Math, IMO, Math500, Min- 1230

ervaMath) and three out-of-domain generalization 1231

benchmarks (MMLU, MMLU-Pro, AGI), where 1232

math-related subsets are removed for the general- 1233

ization suites as described in §4.1. All results are 1234

reported as accuracy (%), and higher is better. 1235

G.2 Per-benchmark Ablation Results 1236

Table 7 provides a per-benchmark breakdown of 1237

all ablation variants on Llama-3.2-3B-Instruct. 1238

We report accuracy (%) on downstream math 1239

benchmarks and on general-domain benchmarks 1240

with math-related subsets removed. Unless oth- 1241

erwise specified, variants use the same verifica- 1242

tion protocol and dataset construction procedure 1243

as in the main setting; Success-only trains down- 1244

stream SFT using only rewrites that pass the task- 1245

consistency gate. 1246
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Model Math Benchmarks Generalization

AMC23 AGI-Math IMO Math500 MinervaMath MMLU MMLU-Pro AGI

Llama-3.2-1B-Instruct 15.00 19.55 2.63 22.00 2.94 38.08 17.55 26.39
+ SFT 17.50 26.82 5.26 23.40 4.04 33.92 12.51 21.37
+ SDFT 17.50 21.36 3.51 23.20 3.44 34.02 14.21 23.17
+ Mind the Gap 15.00 20.18 3.51 22.60 3.31 34.83 15.09 23.32
+ Rewriting-agent 17.50 25.45 4.39 24.20 3.94 36.68 15.94 25.14

Llama-3.2-3B-Instruct 17.50 30.36 5.70 33.20 7.72 61.07 35.11 39.45
+ SFT 25.00 32.72 5.70 36.80 8.82 48.26 31.06 32.45
+ SDFT 20.00 32.27 5.82 33.00 8.09 55.19 31.02 34.75
+ Mind the Gap 22.50 31.09 6.41 33.40 8.09 54.12 31.53 35.68
+ Rewriting-agent 22.50 33.18 6.65 35.00 8.25 58.51 33.44 38.75

Mistral-7B-Instruct-v0.3 10.00 22.73 3.95 11.20 5.15 52.14 29.52 39.95
+ SFT 10.00 31.82 5.26 22.40 7.35 38.83 23.52 35.94
+ SDFT 12.50 24.55 5.14 20.40 6.25 44.77 24.10 37.21
+ Mind the Gap 15.00 25.00 5.26 20.20 7.56 43.71 23.18 36.41
+ Rewriting-agent 12.50 32.45 7.45 21.40 8.56 47.68 26.86 38.12

Table 6: Per-benchmark main results (accuracy, %). Math benchmarks evaluate in-domain mathematical reasoning.
Generalization benchmarks are reported on math-removed subsets (higher is better).

Variant Math Benchmarks Generalization (math-removed)

AMC23 AGI-Math IMO Math500 MinervaMath MMLU MMLU-Pro AGI

Rewriting-agent 22.50 33.18 6.65 35.00 8.25 58.51 33.44 38.75
w/o rdist 22.50 32.86 6.15 34.20 7.93 53.14 31.20 33.76
w/o rdiv 20.00 32.17 6.43 34.00 8.31 55.13 32.13 35.54
task-only 20.00 32.46 6.12 33.60 7.84 53.10 30.42 34.19
Soft shaping 17.25 32.14 6.01 34.24 7.94 58.34 32.81 37.72
Success-only 22.50 31.09 6.41 33.40 8.08 58.82 33.53 38.75

Table 7: Per-benchmark ablation results on Llama-3.2-3B-Instruct (accuracy, %). Math benchmarks evaluate
downstream mathematical reasoning; generalization benchmarks are evaluated on math-removed subsets. Higher is
better.
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