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Abstract001

Synthetic data has become a critical scaling002
strategy in modern LLM training, yet its ap-003
plication to high-difficulty mathematical rea-004
soning remains limited—most methods tar-005
get on GSM8K, MATH, and at most AIME006
while automated generation of Olympiad-level007
problem–solution pairs (e.g., from AIME,008
HMMT, BRUMO, CMIMC) is underexplored.009
To bridge this gap, we propose SV2MPG010
(Surface Validity and Structural Validity-011
aligned Mathematical Problem Generator), a012
lightweight generator trained via two-stage013
reinforcement learning to optimize both sur-014
face validity and structural validity. Inspired015
by dual-process theory, our training adopts016
distinct human-like evaluation perspectives:017
Stage 1 uses System 1 (fast, intuitive) judg-018
ments to ensure problems look right; Stage019
2 uses System 2 (slow, analytical) verifi-020
cation to ensure they solve right. Inte-021
grating SV2MPG with a strong open-weight022
solver (GPT-OSS-120B), we build an end-to-023
end pipeline for scalable synthesis of veri-024
fied high-difficulty problems. Building on025
OMNI-MATH, we generate SV2-MATH—a026
3,707-problem dataset of Olympiad-style ques-027
tions—on which supervised fine-tuning yields028
substantial improvements: Qwen3-0.6B and029
Qwen3-4B achieve +2.09% and +8.44% abso-030
lute gains in avg@4 (averaged over four 2025031
Olympiad-level benchmarks), consistently out-032
performing models trained on other baseline033
math datasets.034

1 Introduction035

Synthetic data has emerged as a pivotal scaling036

strategy in modern large language model (LLM)037

training, driving significant advances across code038

generation, mathematical reasoning, and agentic039

capabilities (DeepSeek-AI et al., 2025; Tongyi040

DeepResearch Team, 2025; Zeng et al., 2025).041

Within mathematical reasoning, while state-of-042

the-art models now achieve strong performance043

(70%–90%+ accuracy) on final-answer-based 044

Olympiad benchmarks such as AIME, HMMT, 045

BRUMO, and CMIMC, their capability remains un- 046

even—particularly for smaller-scale models, which 047

typically score below 70% and exhibit substantial 048

benchmark-dependent variance. More critically, 049

although problem–solution pair synthesis is rec- 050

ognized as essential for robust mathematical train- 051

ing, current research remains largely constrained 052

to mid-difficulty datasets like GSM8K (Cobbe 053

et al., 2021) and MATH (Hendrycks et al., 2021), 054

leaving automated generation of high-difficulty 055

competition-level problems—especially those re- 056

quiring deep multi-step reasoning—substantially 057

underexplored. 058

To address this gap, we aim to establish a 059

scalable framework for synthesizing high-fidelity 060

Olympiad-level problem–solution datasets, with 061

two concrete objectives: first, to construct a fully 062

automated pipeline capable of generating mathe- 063

matically sound problems and verified solutions 064

at scale; and second, to leverage the resulting syn- 065

thetic data as a knowledge resource for systemati- 066

cally enhancing models’ competition-level mathe- 067

matical reasoning. 068

Our approach centers on SV2MPG (Surface 069

Validity and Structural Validity-aligned Math- 070

ematical Problem Generator), a lightweight gen- 071

erator trained via a two-stage reinforcement learn- 072

ing pipeline that explicitly separates how a prob- 073

lem looks (surface validity: plausibility, creativ- 074

ity, coherence) from how it solves (structural valid- 075

ity: solvability, difficulty alignment). This design 076

is grounded in dual-process theory (Kahneman, 077

2011): Stage 1 adopts a System 1 evaluation 078

perspective—fast, intuitive judgments of whether 079

a problem looks right (e.g., natural phrasing, no 080

ambiguity)—to optimize surface fluency; Stage 2 081

adopts a System 2 evaluation perspective—slow, 082

analytical verification of whether a problem solves 083

right (e.g., consensus solvability, appropriate chal- 084
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lenge)—to ensure structural soundness. Critically,085

these correspond to how human experts assess prob-086

lems, not how the generator operates internally. By087

decoupling generation from solving and integrat-088

ing a high-capacity open-weight solver (GPT-OSS-089

120B) for answer and chain-of-thought synthesis,090

we obtain a practical, end-to-end system for produc-091

ing Olympiad-grade problem–solution pairs with-092

out human annotation.093

Empirically, training compact models on094

our synthetic dataset yields substantial gains:095

Qwen3-0.6B and Qwen3-4B achieve +2.09%096

and +8.44% absolute improvement in avg@4,097

respectively—averaged over the four 2025098

Olympiad benchmarks (AIME2025, HMMT099

Feb2025, BRUMO2025, CMIMC2025), which100

outperforming models trained on OPENR1-101

MATH-220K (OpenR1 Team, 2025), DAPO-102

MATH-17K (Yu et al., 2025)-augmented data,103

or the original OMNI-MATH (Gao et al., 2024).104

Ablation studies further confirm that both training105

stages are essential, demonstrating SV2MPG’s106

effectiveness in synthesizing mathematically107

rigorous, high-utility training data.108

2 Related Work109

Data Synthesis for Mathematical Reasoning.110

Synthetic math data has evolved from sim-111

ple perturbation (e.g., numeric substitution) to112

structured generation. Early work like META-113

MATH (Yu et al., 2024) introduces backward114

self-verification—solving then reconstructing the115

premise—to enforce logical consistency, but re-116

mains confined to algebraic manipulation and strug-117

gles with combinatorial or geometric reasoning.118

IQC (Liu et al., 2024) enhances diversity via iter-119

ative constraint injection, yet its reliance on hand-120

specified templates limits adaptability to open-121

ended Olympiad-style problems. More recent122

pipelines (Ding et al., 2025; Seegmiller et al.,123

2025) modularize generation, difficulty tuning, and124

filtering, but their LLM-as-a-Judge rewards of-125

ten prioritize surface fluency (e.g., grammatical126

polish, narrative plausibility) over genuine solv-127

ability—leading to “reward hacking” where prob-128

lems appear challenging but collapse under solver129

scrutiny. Semantic-guided methods mitigate this:130

Zhao et al. (2025b) conditions CoT on core con-131

cepts; Huang et al. (2024) leverages topic co-132

occurrence graphs for knowledge coverage. Yet133

critically, none decouple surface validity (human-134

intuitive formulation) from structural validity (al- 135

gorithmically verifiable difficulty); instead, they 136

optimize a monolithic objective that conflates intu- 137

ition and rigor. We resolve this via two-stage RL: 138

Stage 1 targets fluency and creativity (System 1 139

thinking), while Stage 2 enforces solver-consistent 140

difficulty (System 2 verification)—enabling bal- 141

anced, high-fidelity synthesis. 142

Adversarial and Interactive Training with MPG. 143

Interactive frameworks embed MPG in training 144

loops to create adaptive curricula. Dual-play meth- 145

ods (Zhang et al., 2025; Wei et al., 2025) formulate 146

generation as a minimax game, where problem- 147

makers target solver weaknesses—but typically 148

use coarse difficulty buckets (easy/medium/hard), 149

lacking fine-grained calibration. Data-free co- 150

evolution (Wang et al., 2025; Zhao et al., 2025a) 151

eliminates external data via agent self-play, yet suf- 152

fers from unstable credit assignment in multi-step 153

reasoning. Formal systems like AlphaProof (Hu- 154

bert et al., 2025) achieve IMO silver-medal perfor- 155

mance via PPO in Lean, but require full formaliza- 156

tion and incur prohibitive latency (hours per prob- 157

lem), restricting use to final-answer-based com- 158

petitions. Self-verified CoT (Shao et al., 2025; 159

Pei et al., 2025; Guan et al., 2025) improves step- 160

wise correctness through internal checks or self- 161

questioning, yet tightly couples generation and ver- 162

ification, hindering independent control of diversity 163

and correctness. In contrast, our decoupled, solver- 164

agnostic pipeline separates problem formulation 165

from consensus-based validation—enabling scal- 166

able, lightweight synthesis of Olympiad-grade data 167

without human annotation. 168

Summary. Despite these advances, most 169

pipelines remain confined to mid-difficulty 170

datasets (GSM8K, MATH) that underrepresent 171

competition-level complexity. Olympiad-level 172

synthesis either bears the cost of formal proof 173

reasoning (e.g., AlphaProof) or neglects explicit 174

problem-level validity optimization. We bridge 175

this gap with SV2MPG—a decoupled, consensus- 176

verified framework jointly optimizing surface and 177

structural validity for final-answer competition 178

problems, producing questions that are both 179

human-plausible and solver-calibrated. 180

3 Method 181

The overall architecture is illustrated in Figure 1. 182
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Figure 1: SV2MPG framework: (Left) Two-stage training (GRPO → DPO); (Right) Automated dataset synthesis.

3.1 Definition183

To holistically assess the quality of generated prob-184

lems, we introduce two complementary validity185

dimensions—inspired by dual-process theory (Kah-186

neman, 2011)—that mirror how humans evaluate187

problems: how it looks (intuitive, surface-level188

assessment) and how it solves (analytical, solver-189

based verification).190

Surface Validity. This metric evaluates problem191

quality from the problem-setting perspective, rely-192

ing solely on the problem statement without solv-193

ing—corresponding to System 1 (fast thinking):194

rapid, intuitive judgments of plausibility and flu-195

ency. It ensures generated problems look right to196

human readers, exhibiting sound mathematical for-197

mulation. We assess five sub-dimensions (scored198

1–5 or via pairwise preference): Core knowledge199

retention: How well does the new problem pre-200

serve key concepts from the original? Innovation:201

How creative and non-trivial is the variation (avoid-202

ing mechanical paraphrasing)? Difficulty match:203

Is the perceived difficulty aligned with the origi-204

nal? Reasoning complexity: Does the problem205

demand multi-step reasoning of comparable depth?206

Coherence: Is the statement natural, unambiguous,207

and mathematically self-consistent?208

Structural Validity. This metric evaluates qual-209

ity from the problem-solving perspective, fo-210

cusing on solvability and difficulty appropriate-211

ness—corresponding to System 2 (slow thinking):212

deliberate, stepwise verification of correctness and213

challenge. It ensures problems solve right under214

solver scrutiny, avoiding ill-posed or trivial variants.215

We define: Solvability: Determined via consensus216

solution @k—a problem is solvable by a model217

if, among k = 4 independent solutions, one an- 218

swer appears > k/2 = 2 times. Difficulty tiers: 219

We adopt a dual-solver setup: Easy: solvable by a 220

weak solver (e.g., Qwen3-4B); Medium: unsolvable 221

by the weak solver but solvable by a strong solver 222

(e.g., GPT-OSS-120B (Balunović et al., 2025)); 223

Hard: unsolvable by the strong solver (potentially 224

ill-posed or beyond current capabilities). Crucially, 225

our optimization target is maximizing the propor- 226

tion of Medium problems, which balance chal- 227

lenge (beyond weak solvers) and reliability (solv- 228

able by strong ones)—making them ideal for high- 229

value synthetic data. 230

3.2 Task Formulation for Problem Generation 231

Guided by the dual-validity principle, we make 232

three key design choices: 233

Problem Rewriting vs. Knowledge-Based Gen- 234

eration. Mathematical problems encode not only 235

explicit knowledge but also implicit structural 236

properties—namely, surface and structural valid- 237

ity—which are hard to distill from generic knowl- 238

edge corpora (e.g., textbooks). As shown in (Chen 239

et al., 2025), problem-solving data (e.g., problem– 240

CoT pairs) yield greater gains in mathematical rea- 241

soning than general math texts. Hence, we adopt 242

problem rewriting as our core paradigm to pre- 243

serve and transfer these validity structures. 244

Decoupled (Problem-only) vs. Integrated (Prob- 245

lem + Solution) Generation. We advocate a de- 246

coupled architecture: generation and solving are 247

separated to avoid multi-task interference. Empir- 248

ical evidence (§4.2) shows that models trained to 249

generate problems only achieve ∼80% win rate 250

over integrated variants in surface validity eval- 251

uation, while the latter’s self-generated answers 252

3



show < 40% consistency with GPT-OSS-120B.253

Thus, SV2MPG focuses solely on high-quality254

problem generation; solving is delegated to ded-255

icated solvers.256

Instruct vs. Thinking Models. Though thinking257

models excel at complex reasoning, their chain-258

of-thought mechanism is redundant for problem259

rewriting—a task emphasizing linguistic restruc-260

turing over deep inference. Moreover, thinking261

incurs ∼10× longer inference time. We thus select262

Qwen3-4B-Instruct-2507 (Yang et al., 2025) as263

our base model, balancing efficiency and capabil-264

ity.265

In summary, SV2MPG follows a three-pronged266

principle: problem rewriting, decoupled single-task267

generation, and efficient instruct-based modeling.268

3.3 Training of SV2MPG: A Two-Stage269

Validity-Aligned RL Framework270

Our training proceeds in two sequential stages, as271

depicted in the left panel of Figure 1. Stage 1 be-272

gins with Qwen3-4B-Instruct-2507 and yields273

the intermediate generator MPG-s1 (top-left, Fig-274

ure 1). Stage 2 then initializes from the best check-275

point of MPG-s1 and produces a series of refined276

models MPG-s2 (bottom-left, Figure 1); the final277

model, selected based on validation performance,278

is designated as SV2MPG.279

The training data is sourced from Omni-MATH280

(Chen et al., 2025), which contains 4,428 problems.281

We split it 8:2 into training (3,542 problems) and282

internal test (886 problems) sets. In Stage 1, only283

the 80% training subset is used for GRPO updates.284

In Stage 2, to maximize coverage and diversity, we285

utilize the full Omni-MATH set (4,428 problems) for286

problem generation and preference construction.287

3.3.1 Stage 1: Surface Validity Alignment via288

On-Policy GRPO289

The resulting model is denoted MPG-s1. Key com-290

ponents:291

Reward Model. We use Qwen3-30B-A3B-292

Instruct-2507 as an LLM-as-a-Judge to score293

candidate problems on the five dimensions defined294

in §3.1. To reflect their relative importance, we295

assign non-uniform weights: Innovation—our core296

evaluation objective—is given the highest weight297

(2.0); Core knowledge retention, Difficulty match,298

and Reasoning complexity each receive a weight299

of 1.0; while Coherence—though necessary—is300

treated as a baseline requirement and assigned a301

lower weight (0.5). The final reward is computed 302

as the weighted sum of the five dimension scores: 303

Rsurf = 1.0·r1+2.0·r2+1.0·r3+1.0·r4+0.5·r5, 304

where r1 to r5 correspond to coherence, innovation, 305

core knowledge retention, difficulty match, and 306

reasoning complexity, respectively. 307

Algorithm and Objective. We adopt GRPO 308

(Shao et al., 2024), an on-policy algorithm that 309

maximizes the advantage of high-reward candi- 310

dates within a generation group. For each original 311

problem porig, MPG-s1 generates m = 8 candi- 312

dates {p(i)new}8i=1; the reward for each candidate is 313

computed via the reward model above, and policy 314

updates follow the GRPO objective: 315

LGRPO = −Eporig

[
8∑

i=1

log πθ(p
(i)
new | porig) ·Ai

]
, 316

where Ai is the advantage of candidate i relative to 317

the group mean reward. We train for 2 epochs with 318

learning rate 5× 10−6 and gradient accumulation 319

over 2 steps. 320

3.3.2 Stage 2: Structural Validity Alignment 321

via Off-Policy DPO 322

Starting from MPG-s1, we train MPG-s2, with the 323

final checkpoint selected as SV2MPG. 324

Difficulty Labeling. To assess the intrinsic diffi- 325

culty of each generated problem, we adopt a hier- 326

archical solver-consensus strategy leveraging both 327

weak and strong solvers with kw = ks = 4 at- 328

tempts. All solver calls use temperature τ = 0.7 329

and prompt perturbations to promote diversity. 330

Given a problem, we: 331

1. Query the weak solver (Qwen3-4B) 4 times; if 332

consensus is reached, label Easy; 333

2. Else, query the strong solver (GPT-OSS- 334

120B (Balunović et al., 2025)) 4 times; if con- 335

sensus is reached, label Medium; 336

3. Else, label Hard. 337

This procedure ensures robust difficulty annota- 338

tions (see Algorithm 1). 339

Preference Construction and DPO Training. 340

We use DPO (Rafailov et al., 2024), an off-policy 341

algorithm that avoids online sampling and en- 342

ables full decoupling of generation and solving. 343

Preference pairs are constructed according to two 344

validity-driven criteria: Medium problems are pre- 345

ferred over both Easy (to avoid triviality) and 346
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Algorithm 1: Difficulty Labeling via Dual-
Solver Consensus
Input: Problem p, weak solverW , strong

solver S, kw = 4, ks = 4
Output: Difficulty label

d ∈ {Easy, Medium, Hard}

1 Aw ← [W(p)]4i=1;
2 if CONSENSUS(Aw) then
3 return Easy

4 As ← [S(p)]4i=1;
5 if CONSENSUS(As) then
6 return Medium

7 return Hard

Hard (to ensure solvability), reflecting our core347

objective of maximizing medium-difficulty, struc-348

turally sound problems. Each training triplet takes349

the form (prompt, pchosen, prejected), where prompt350

comprises the fixed instruction template and the351

original problem porig, pchosen is a Medium-labeled352

candidate, and prejected is either an Easy or Hard353

counterpart from the same generation batch.354

The DPO loss is:355

LDPO = −E(x,yw,yl)

[
log σ

(
β log πθ(yw|x)

πθ(yl|x) − β log πref(yw|x)
πref(yl|x)

)]
356

where πref is the frozen MPG-s1 policy, yw is a357

Medium problem, yl is rejected (Easy/Hard), and358

we set β = 0.1. This stage steers SV2MPG toward359

generating Medium-dominant distributions, achiev-360

ing the desired balance of challenge and reliability.361

3.4 SV2MPG for Dataset Generation362

Leveraging the dual-validity guarantees of363

SV2MPG, we construct a scalable pipeline for364

synthesizing high-fidelity mathematical problem–365

solution pairs, as illustrated in the right panel of366

Figure 1. Starting from Omni-MATH, we apply367

SV2MPG to each original problem under a fixed368

instruction template with temperature τ = 0.7,369

generating kgenerate = 2 candidate variants370

per seed; these candidates are then rigorously371

deduplicated via exact string matching to eliminate372

verbatim duplicates. For each surviving synthetic373

problem, we employ GPT-OSS-120B (Balunović374

et al., 2025) to produce kstrongsolver = 4 inde-375

pendent solutions, from which final answers376

are extracted in a two-stage manner: first, by377

parsing XML-style <answer>...</answer>378

tags if present; failing that, by applying regular379

expressions to capture \boxed{...}, terminal 380

numerical expressions, or natural-language answer 381

phrases (e.g., “The answer is . . . ”). A consensus 382

solution is declared if any normalized answer 383

achieves majority support (i.e., appears in > 2 384

of 4 trials). Upon consensus, the first complete 385

chain-of-thought trace—including the solver’s 386

intermediate reasoning steps (thinking phase), final 387

derivation (solution), and normalized answer—is 388

preserved as the canonical triple; if no consensus 389

emerges, the solving procedure is repeated up 390

to Tmax = 3 times with prompt perturbations. 391

The final dataset consists of structured records 392

(problem,CoT, solution, answer), complemented 393

by the raw solver response for reproducibility and 394

auditing, thus forming a closed-loop synthesis 395

framework wherein surface validity secures prob- 396

lem authenticity and structural validity ensures 397

solution correctness. 398

4 Experiments 399

4.1 Experimental Setup 400

All models are deployed using vLLM (Kwon et al., 401

2023), enabling efficient batched inference with 402

PagedAttention and a 32K context window; for 403

deterministic evaluation, temperature is fixed at 404

0.0. Following the evaluation protocol established 405

in MATHARENA (Balunović et al., 2025), we 406

adopt avg@4 (i.e., the average of four indepen- 407

dent pass@1 trials) as our primary metric to miti- 408

gate stochastic variance, and select the same four 409

2025 competition suites—AIME2025, BRUMO2025, 410

CMIMC2025, and HMMT Feb2025—as our external 411

evaluation benchmark, which collectively represent 412

the current frontier of high-difficulty mathemati- 413

cal reasoning. In addition, we reserve 886 prob- 414

lems from Omni-MATH (Chen et al., 2025) (the 20% 415

held-out split from its 4,428-problem corpus) as an 416

internal development set for training analysis. 417

Usage convention: In §§4.2–4.4, the four competi- 418

tions are treated as a unified benchmark to ensure 419

statistical robustness in design ablation and training 420

analysis; fine-grained per-competition results are 421

reported in §4.5. 422

4.2 Analysis of Design Choices 423

Instruct vs. Thinking Models. Table 1 shows 424

near-identical surface validity reward scores (5- 425

point scale) for Qwen3-4B-Instruct-2507 and 426

Qwen3-4B-Thinking-2507 (mean difference < 427

0.03) under the same prompt and model in §4.3, 428

5



Model Mean Median Std. Dev.

Qwen3-4B-Instruct-2507 4.01 4.09 0.62
Qwen3-4B-Thinking-2507 4.03 4.09 0.54

Table 1: Surface validity scores (5-point Likert
scale) on the Omni-MATH internal test set (n =
886). Mean: arithmetic average; Median: 50th per-
centile; Std. Dev.: standard deviation—indicating
score dispersion around the mean. Scores are as-
signed by Qwen3-30B-A3B-Instruct-2507 via the
five-dimensional rubric in §3.1.

Model Win Rate (%) Answer Consistency (%)

test benchmark test benchmark

Instruct 81.90 83.08 31.96 14.62
Thinking 86.58 90.77 38.71 23.85

Table 2: Comparison of decoupled (problem-only) vs.
integrated (problem + solution) generation. Win Rate:
% of problems where decoupled output is preferred
by GPT-OSS-120B over integrated output in pairwise
judgment (n = 886 test, n = 130 benchmark). Answer
Consistency: % of self-generated answers matching
GPT-OSS-120B consensus solutions.

generated from Internal Test Set, confirming that429

chain-of-thought reasoning is redundant for prob-430

lem rewriting.431

Decoupled (Problem-only) vs. Integrated (Prob-432

lem + Solution) Generation. As shown in Ta-433

ble 2, the decoupled approach achieves win rates434

of 81.9%–90.8% over integrated generation across435

both sets. Crucially, answer consistency (vs. GPT-436

OSS-120B consensus) is low (≤ 23.9%), indicat-437

ing that joint generation compromises both surface438

validity and solution reliability.439

Collectively, these results validate our three de-440

sign principles: problem rewriting, decoupled gen-441

eration, and instruct-based modeling.442

4.3 Stage 1: Surface Validity Reinforcement443

Learning444

We train MPG-s1 on the 80% training445

split of Omni-MATH (3,542 problems) us-446

ing GRPO (Shao et al., 2024). The reward447

model—Qwen3-30B-A3B-Instruct-2507—scores448

each candidate on the five surface validity di-449

mensions (Core knowledge retention, Innovation,450

Difficulty match, Reasoning complexity, Co-451

herence) on a 1–5 scale; these scores are then452

combined via a weighted average with non-453

uniform weights (Innovation: 2.0; Core retention,454

Difficulty match, Reasoning complexity: 1.0 each;455

MPG-s1 MPG-s2-1 MPG-s2-2* MPG-s2-3
Generation Stage
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Figure 2: Evolution of problem difficulty distribution
across generation stages. Easy (blue), Medium (orange),
Hard (red) percentages are shown for MPG-s1, MPG-
s2-1, MPG-s2-2*, and MPG-s2-3.

Coherence: 0.5) and normalized by the total weight 456

sum (5.5) to yield the final reward Rsurf ∈ [1, 5]. 457

We set the learning rate to 5 × 10−6, β = 0.01, 458

train for 2 epochs with gradient accumulation over 459

2 steps, and generate 8 candidates per original 460

problem during policy sampling. 461

During the GRPO trainig, the training re- 462

ward rises steadily in the initial phase and sta- 463

bilizes after approximately 1,500 optimization 464

steps—indicating stable convergence. The final 465

policy achieves a mean reward of 4.31, a 7.5% ab- 466

solute improvement over the base model (4.01), 467

confirming effective optimization of the target ob- 468

jective. 469

4.4 Stage 2: Structural Validity 470

Reinforcement Learning 471

Building upon MPG-s1, we conduct three iter- 472

ations of DPO (Rafailov et al., 2024) (yielding 473

MPG-s2-1, MPG-s2-2, and MPG-s2-3) to align 474

structural validity. To maximize preference data 475

coverage and diversity, we generate candidates on 476

the full Omni-MATH dataset (4,428 problems). For 477

each original problem, we sample k = 4 candi- 478

dates from the current policy, then label them via 479

dual-solver consensus using Qwen3-4B (weak) and 480

GPT-OSS-120B (strong) as described in §3.1. Af- 481

ter collecting all preferences (Medium ≻ Easy and 482

Medium ≻ Hard)—yielding approximately 1,500 483

effective preference pairs per iteration—we per- 484

form DPO for exactly 3 epochs per iteration with 485

β = 0.01, and proceed to the next round. 486

Figure 2 illustrates the evolution of difficulty 487

distributions across stages. Starting from MPG-s1 488
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(Hard: 51.9%, Medium: 13.3%, Easy: 34.8%), the489

proportion of Hard problems declines to 39.7% in490

MPG-s2-3, while the target Medium tier rises to491

28.2%, approaching our ideal range of 25–35%.492

Notably, MPG-s2-2 and MPG-s2-3 exhibit nearly493

identical distributions (Medium: 28.7% vs. 28.2%),494

indicating convergence after two DPO rounds. We495

therefore select MPG-s2-2 as the final SV2MPG496

model.497

4.5 Synthetic Data Quality: Downstream SFT498

Performance499

Building upon the dataset synthesis pipeline in §3.4,500

we construct SV2-MATH—a purely synthetic cor-501

pus of 3,707 problem–CoT–solution triples—by502

applying SV2MPG to the Omni-MATH training set503

with k = 2. To rigorously evaluate its utility, we504

compare its downstream SFT performance against505

four baselines: (1) OPENR1 (OpenR1 Team, 2025)506

(default split, 94,217 problems from Numina-507

Math 1.5); (2) the original Omni-MATH (Gao et al.,508

2024); (3) DAPO-MATH-17K (Yu et al., 2025);509

and (4) a strong generator control—GPT-OSS-510

120B-DATASET, where problems are generated511

by GPT-OSS-120B using the identical rewriting512

prompt and k = 2 protocol as SV2MPG, followed513

by the same solution synthesis pipeline (GPT-OSS-514

120B, k = 4, consensus verification). This control515

tests whether raw model scale alone suffices for516

high-quality generation, isolating the contribution517

of our two-stage training from mere capacity dif-518

ferences.519

Crucially, for Omni-MATH and DAPO-MATH-520

17K, we generate CoT traces using the iden-521

tical strong solver (GPT-OSS-120B), inference522

configuration, and consensus-based verification523

protocol as for SV2-MATH, ensuring fair com-524

parison. Furthermore, to ablate generator qual-525

ity, we synthesize BASE-DATASET (from un-526

trained Qwen3-4B-Instruct-2507) and MPG-S1-527

DATASET (from MPG-s1).528

As shown in Table 3, SFT with SV2-MATH529

yields the strongest gains: Qwen3-0.6B and530

Qwen3-4B achieve +2.09 and +8.44 percentage531

points in avg@4, outperforming all baselines. This532

hierarchy—SV2-MATH > MPG-S1-DATASET533

> BASE-DATASET—confirms both training stages534

are essential, with structural validity alignment535

(Stage 2) providing the decisive boost. No-536

tably, while Qwen3-0.6B benefits less consistently,537

Qwen3-4B demonstrates robust gains, underscor-538

ing compatibility with mid-scale models.539

As shown in Table 3, SV2-MATH outper- 540

forms even the strong generator control GPT- 541

OSS-120B-DATASET (+1.35 pp for Qwen3-0.6B; 542

+6.21 pp for Qwen3-4B), demonstrating that our 543

validity-aligned training protocol yields higher- 544

quality data than direct generation with a much 545

larger model—confirming that methodological de- 546

sign dominates raw scale in synthetic data quality. 547

A finer-grained analysis reveals two key patterns: 548

(1) SV2-MATH excels particularly on AIME2025 549

and CMIMC2025—the two benchmarks with the 550

highest algebraic abstraction and multi-step con- 551

straint chaining—where its gains over OPENR1 552

reach +1.67 pp and +1.00 pp for Qwen3-4B, respec- 553

tively. This suggests our dual-validity design better 554

preserves the structural depth required for these 555

problems. (2) Baselines like DAPO-SYNTHETIC 556

show degradation (0.47 pp), likely because its RL- 557

based generation prioritizes reward maximization 558

over solvability consensus, leading to borderline-ill- 559

posed problems that confuse mid-scale solvers—a 560

limitation explicitly mitigated in SV2MPG via our 561

two-stage filtering. 562

Unlike formal RL systems such as Al- 563

phaProof (Hubert et al., 2025)—which solve IMO 564

problems via Lean formalization and multi-day in- 565

ference—our approach targets final-answer-based 566

competitions with lightweight, scalable synthesis, 567

making high-quality data accessible to resource- 568

constrained teams. 569

All SFT experiments are conducted using 570

LoRA (Hu et al., 2021) with rank r = 16 (tar- 571

geting q_proj, v_proj), under a unified configu- 572

ration: learning rate 1 × 10−5 with warmup ratio 573

0.1, constant-with-warmup scheduler, weight de- 574

cay 0.01, paged AdamW (8-bit), 2 training epochs, 575

per-device batch size 2 with gradient accumulation 576

over 4 steps (effective batch size 8), and max gradi- 577

ent norm 1.0. This lightweight setup enables full 578

training on a single H20 (141GB) for all student 579

models (0.6B–4B), with VRAM usage reduced by 580

∼60% compared to full fine-tuning. 581

5 Conclusion 582

We present SV2MPG, a lightweight yet highly 583

effective framework for the automated synthesis 584

of high-difficulty mathematical problem–solution 585

datasets—specifically targeting Olympiad-level 586

benchmarks such as AIME2025, BRUMO2025, 587

CMIMC2025, and HMMT Feb2025. Our work 588

begins with a systematic analysis of key design 589
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Model Method AIME25 HMMT Feb25 BRUMO25 CMIMC25 avg ∆

Qwen3-0.6B

BaseModel 12.50 8.33 13.33 3.75 –
+OpenR1 16.67 5.83 12.50 6.25 +0.84
+DAPO-Math-17k 8.33 10.00 11.67 4.37 -0.89
+Omni-MATH 14.17 9.17 12.50 4.37 +0.58
+GPT-OSS-120B-Dataset 13.33 8.33 17.50 3.12 +1.09

+Base-Dataset 12.50 7.50 13.33 3.12 -0.37
+MPG-s1-Dataset 13.33 7.50 16.67 3.75 +0.84

+SV2-MATH (Ours) 15.83 7.50 16.67 6.25 +2.09

Qwen3-4B

BaseModel 52.50 21.67 42.50 17.50 –
+OpenR1 64.17 23.33 49.17 21.25 +5.94
+DAPO-Math-17k 40.83 21.67 46.67 23.13 -0.47
+Omni-MATH 49.17 23.33 41.67 26.25 +1.56
+GPT-OSS-120B-Dataset 65.00 27.50 44.17 23.13 +6.40

+Base-Dataset 46.67 23.33 44.17 16.88 -0.78
+MPG-s1-Dataset 57.33 22.50 51.67 21.88 +4.80

+SV2-MATH (Ours) 68.33 25.00 50.83 23.75 +8.44

Table 3: Avg@4(pass@1) results (%) across four benchmarks, with average improvement (∆) over BaseModel.
Bold: best per benchmark. ∆ values are percentage points.

dimensions in math problem generation: prob-590

lem rewriting vs. knowledge-based generation, de-591

coupled vs. integrated output, and instruct-based592

vs. thinking-based modeling. Guided by prelimi-593

nary ablation studies (§4.2), we adopt a decoupled,594

instruct-based rewriting paradigm—enabling spe-595

cialized modeling where a compact 4B generator596

focuses solely on problem formulation, while high-597

capacity solvers (e.g., GPT-OSS-120B) handle so-598

lution verification and labeling.599

Building on this foundation, we propose a two-600

stage reinforcement learning pipeline to progres-601

sively enhance generation quality: Stage 1 aligns602

surface validity (formal plausibility, creativity, co-603

herence) via GRPO; Stage 2 optimizes structural604

validity (solvability, difficulty controllability) via605

DPO—steering the generator from superficial re-606

semblance to substantive fidelity. The resulting607

model, SV2MPG, powers an end-to-end synthe-608

sis system that produces mathematically rigorous,609

high-utility training data: on OMNI-MATH, it gen-610

erates SV2-MATH (3,707 problems), on which611

SFT yields up to +8.44% avg@4 improvement612

for Qwen3-4B—outperforming baselines such as613

OPENR1-MATH-220K, original Omni-MATH, and614

DAPO-derived data. Crucially, ablation over gen-615

erator variants (Base → MPG-s1 → SV2MPG)616

confirms that both training stages are indispens-617

able, with structural validity alignment providing618

the decisive boost in downstream utility.619

By demonstrating that dual-validity-aware gener-620

ation enables scalable synthesis of Olympiad-grade621

data without human annotation, we hope SV2MPG 622

lowers the barrier to high-quality mathemati- 623

cal reasoning research—particularly for resource- 624

constrained teams seeking to advance model capa- 625

bilities beyond mid-difficulty benchmarks. 626
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Limitations627

Our work inherits some constraints typical of cur-628

rent data synthesis paradigms.629

First, the reliability of synthesized solutions de-630

pends on the capability of the teacher solver (e.g.,631

GPT-OSS-120B). For problems beyond the frontier632

of current SOTA models—especially those requir-633

ing deep insight, novel constructions, or lengthy634

formal proofs—automated generation remains frag-635

ile, often necessitating human expert verification.636

This creates a capability ceiling: synthetic data is637

most effective for improving sub-SOTA models,638

while advancing SOTA models themselves remains639

challenging—a self-improvement bottleneck.640

Second, we avoid agent-based solvers (e.g., Re-641

Act (Yao et al., 2023) with Python interpreter) in642

training and evaluation. Although such agents can643

yield higher reasoning fidelity, their execution in-644

curs ∼10× longer latency and requires extended645

context windows, cutting throughput in large-scale646

generation (e.g., vLLM server concurrency drops647

by >70% in pilot tests). Given our throughput648

targets, the engineering cost currently outweighs649

marginal gains.650

Third, Stage 2 employs an off-policy DPO for-651

mulation, enabling full decoupling of generation652

and solving but introducing a distributional shift653

between the behavior policy (MPG-s1) and target654

policy (MPG-s2). This can lead to suboptimal up-655

dates if the preference dataset insufficiently covers656

high-reward regions. Future work will explore effi-657

cient on-policy implementation to reduce mismatch658

while sustaining GPU utilization.659

Finally, we acknowledge a potential societal risk:660

synthetic Olympiad problems could be misused661

to train models that assist in academic dishonesty662

during math competitions. We emphasize that663

SV2MPG’s primary goal is to democratize access664

to high-quality training data for research and edu-665

cation, not to enable misuse.666
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A Prompt Templates832

This appendix documents all prompt templates833

used in our experimental pipeline. Each prompt834

is designed for a specific functional module835

(problem generation, solving, evaluation, verifica-836

tion). Placeholders such as {original_problem},837

{problem}, etc., are replaced at runtime with con-838

crete problem statements or answers during experi-839

ments. All prompts enforce strict output formatting840

to facilitate automated parsing and evaluation.841

A.1 Problem Generation Prompt842

Used by the problem designer module to generate843

novel math problems from a seed instance while844

preserving core difficulty and theme.845
846

You are an innovative math problem847
↪→ designer.848

849
Your task:850
1. Internally analyze the components of851

↪→ the original problem.852
- Identify smallest sub -problems ,853

↪→ required knowledge points , and854
↪→ constraints.855

- Consider how to modify them for856
↪→ creativity.857

- DO NOT include this analysis in858
↪→ your final output.859

860
2. Based on your internal analysis ,861

↪→ design a new problem that:862
- Keeps the overall theme and863

↪→ difficulty similar.864
- Changes at least one core element865

↪→ meaningfully.866
- Is clear , complete , and solvable.867

868
Final Output format strictly as:869
<new_problem >... full text of the new870

↪→ problem statement ...</ new_problem871
↪→ >872

873
Original problem:874
<original_problem >{ original_problem }</875

↪→ original_problem >876
877

Requirements:878
- Do NOT solve the problem or include879

↪→ answers.880
- The output must contain ONLY the <881

↪→ new_problem >...</ new_problem > tag882
↪→ with the problem statement.883884

Listing 1: Prompt for problem generation.

A.2 Problem Solving Prompt885

Used by solver models to produce step-by-step rea-886

soning and extract final answers. Identical variants887

were used across solver implementations.888
889

You are a math -solving assistant.890

1. Carefully read the problem provided. 891
2. Reason through the problem step -by - 892

↪→ step (show your reasoning clearly 893
↪→ ). 894

3. Present a concise and structured 895
↪→ final solution. 896

4. Wrap the final numeric or symbolic 897
↪→ answer **only** inside <answer > 898
↪→ tags. 899

5. Do not include any extra text inside 900
↪→ the <answer > tags. 901

902
Problem: 903
{problem} 904905

Listing 2: Prompt for problem solving.

A.3 Problem Quality Evaluation Prompt 906

Used by the reward model (Section 3.3.1) to score 907

generated problems along five dimensions of sur- 908

face and structural validity. 909
910

You are a math problem quality judge. 911
912

You will be given: 913
- The original problem 914
- A new problem derived from it 915

916
Your task: 917
Rate the new problem in exactly 5 918

↪→ dimensions (each 1 5 points): 919
920

1. Core knowledge retention: How well 921
↪→ does the new problem keep the key 922
↪→ concepts of the original? 923

2. Innovation: How creative and non - 924
↪→ trivial is the variation? 925

3. Difficulty match: Is the difficulty 926
↪→ level similar to the original? 927

4. Reasoning complexity: Does the 928
↪→ problem require a reasoning 929
↪→ process of similar depth? 930

5. Coherence: Is the problem statement 931
↪→ natural , clear , and 932
↪→ mathematically sound? 933

934
Scoring rules (1 5 integers only): 935
- 1 = very poor / strong reject 936
- 2 = poor / weak reject 937
- 3 = acceptable / average 938
- 4 = good 939
- 5 = excellent / strong accept 940

941
Output requirements: 942
- Output only a Python -style list of 5 943

↪→ integers in the above order 944
- Example: [4, 5, 3, 4, 4] 945
- No explanation , no extra text 946

947
Original problem: 948
{original_problem} 949

950
New problem: 951
{new_problem} 952

953
Output: 954955

Listing 3: Prompt for problem quality evaluation.

11



A.4 Answer Verification Prompt956

Used by the verification module to judge answer957

correctness under mathematical equivalence.958
959

You are a math expert. Determine whether960
↪→ the predicted answer matches the961
↪→ actual (ground truth) answer in962
↪→ meaning.963

964
Do not perform the calculation again965

↪→ unless necessary.966
967

Actual Answer: {actual}968
Predicted Answer: {predicted}969

970
Consider:971
- Equivalent forms (e.g., 1/2 vs 0.5,972

↪→ simplified vs unsimplified)973
- Case -insensitive string match974
- Mathematical equivalence975

976
Think briefly , then respond with:977
<result >CORRECT </result > or <result >978

↪→ INCORRECT </result >979980

Listing 4: Prompt for answer verification (Section 4.5).

Implementation note. All prompts were tem-981

plated using Python f-strings or str.format().982

Runtime configurations (e.g., temperature, max to-983

kens) were fixed per stage; full training and infer-984

ence scripts will be released upon publication.985

B Training Hyperparameters986

This appendix provides the detailed training con-987

figurations used in different stages of our experi-988

mental pipeline. We list the hyperparameters for:989

(a) the first-stage GRPO training, (b) the second-990

stage DPO training, and (c) the SFT training used991

in verification experiments. All parameters follow992

YAML format as in our implementation scripts.993

B.1 First-stage GRPO Training994

995
training:996

learning_rate: 5e-6997
use_vllm: true998
loss_type: grpo999
epsilon: 0.21000
adam_beta1: 0.91001
adam_beta2: 0.991002
beta: 0.011003
weight_decay: 0.11004
warmup_ratio: 0.31005
lr_scheduler_type: cosine1006
optim: paged_adamw_8bit1007
logging_steps: 11008
per_device_train_batch_size: 11009
gradient_accumulation_steps: 21010
num_generations: 121011
max_prompt_length: 10241012
max_completion_length: 81921013
num_train_epochs: 21014
# max_steps: 10001015

save_total_limit: 2 1016
save_steps: 500 1017
max_grad_norm: 0.1 1018
report_to: swanlab 1019
output_dir: /tmp/outputs/grpo 1020
temperature: 0.7 1021
seed: 42 1022
fp16: false 1023
bf16: true 10241025

Listing 5: GRPO training hyperparameters for the first
stage.

B.2 Second-stage DPO Training 1026

1027
training: 1028

beta: 0.1 1029
learning_rate: 1e-5 1030
optim: adamw_8bit 1031
max_prompt_length: 1024 1032
max_completion_length: 8192 1033
per_device_train_batch_size: 4 1034
gradient_accumulation_steps: 4 1035
num_train_epochs: 3 1036
warmup_ratio: 0.1 1037

1038
report_to: swanlab 1039
mid_run_name: MPG -mid -1209 -1 1040
hard_run_name: MPG -hard - 1041

1042
save_total_limit: 2 1043
save_steps: 500 10441045

Listing 6: DPO training hyperparameters for the second
stage.

B.3 SFT Training in Verification Experiment 1046

1047
training: 1048

learning_rate: 5e-5 1049
use_vllm: true 1050
adam_beta1: 0.9 1051
adam_beta2: 0.99 1052
weight_decay: 0.1 1053
warmup_ratio: 0.1 1054
lr_scheduler_type: cosine 1055
optim: paged_adamw_8bit 1056
logging_steps: 1 1057
per_device_train_batch_size: 1 1058
gradient_accumulation_steps: 2 1059
max_prompt_length: 1024 1060
max_completion_length: 8192 1061
num_train_epochs: 2 1062
# max_steps: 1000 1063
save_steps: 500 1064
max_grad_norm: 0.1 1065
report_to: swanlab 1066
output_dir: /tmp/outputs/sft 1067
temperature: 0.7 1068
seed: 42 1069
bf16: true 10701071

Listing 7: SFT training hyperparameters for verification
experiments.
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