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Abstract001

Reinforcement learning with verifiable rewards002
(RLVR) is a promising approach for improv-003
ing code generation in large language mod-004
els, but its effectiveness is limited by weak005
and static verification signals in existing cod-006
ing RL datasets. In this paper, we propose007
a solution-conditioned and adversarial verifi-008
cation framework that iteratively refines test009
cases based on the execution behaviors of can-010
didate solutions, with the goal of increasing011
difficulty, improving discriminative power, and012
reducing redundancy. Based on this framework,013
we introduce EVOLVECODER-22K, a large-014
scale coding reinforcement learning dataset015
constructed through multiple rounds of adver-016
sarial test case evolution. Empirical analysis017
shows that iterative refinement substantially018
strengthens verification, with pass@1 decreas-019
ing from 43.80 to 31.22. Reinforcement learn-020
ing on EVOLVECODER-22K yields stable opti-021
mization and consistent performance gains, im-022
proving Qwen3-4B by an average of 4.2 points023
across four downstream benchmarks and out-024
performing strong 4B-scale baselines. Our re-025
sults highlight the importance of adversarial,026
solution-conditioned verification for effective027
and scalable reinforcement learning in code028
generation.029

1 Introduction030

Large language models (LLMs) have recently031

demonstrated remarkable advances in coding and032

logical reasoning, exemplified by systems such as033

OpenAI’s o1–o4 (Jaech et al., 2024a), DeepSeek-034

R1 (Guo et al., 2025), and Kimi-K2 (Team et al.,035

2025). These models achieve strong performance036

across a wide range of challenging programming037

benchmarks. A key driver behind this progress038

is the growing adoption of reinforcement learning039

with verifiable rewards (RLVR) as a post-training040

paradigm, where rewards are defined by objective041

and externally verifiable criteria. When combined042

with chain-of-thought (CoT) reasoning (Wei et al., 043

2022), RLVR encourages models to develop more 044

reliable intermediate reasoning processes rather 045

than merely optimizing final outputs. Code gener- 046

ation is particularly well suited to RLVR, as can- 047

didate solutions can be precisely verified through 048

automated test cases, enabling scalable and reliable 049

reward signals. As a result, RLVR has become 050

a central mechanism in modern coding-oriented 051

LLMs, underpinning a series of recent state-of-the- 052

art systems (Zhan et al., 2025; Ruan et al., 2025; 053

Roziere et al., 2023; Guo et al., 2024). 054

Despite the effectiveness of RLVR in recent cod- 055

ing LLMs, its success ultimately hinges on the qual- 056

ity of verification signals—specifically, the quality 057

of test cases. However, existing coding RL datasets 058

remain poorly aligned with the requirements of 059

reliable and informative reward supervision. (1) 060

Human-annotated datasets such as TACO (Li et al., 061

2023), APPS (Hendrycks et al., 2021), and Code- 062

Contests (Li et al., 2022) frequently fail to expose 063

critical corner cases (Tong and Zhang, 2024), re- 064

sulting in weakly discriminative and incomplete 065

reward signals. (2) Recent approaches, including 066

HardTest (He et al., 2025) and rStarCoder (Liu 067

et al., 2025), attempt to augment test suites by au- 068

tomatically generating additional inputs and exe- 069

cuting reference solutions to obtain corresponding 070

outputs. However, these methods often lack prin- 071

cipled filtering, leading to high verification cost 072

and limited scalability (Ruan et al., 2025). (3) By 073

contrast, single-pass generative pipelines such as 074

AceCoder (Zeng et al., 2025) construct problems 075

and test cases without explicit incentives to tar- 076

get model failure modes, causing corner cases to 077

emerge only sporadically rather than being system- 078

atically induced. As a result, existing coding RL 079

datasets struggle to provide verification signals that 080

are simultaneously reliable, adversarial, and com- 081

putationally tractable, ultimately constraining the 082

effectiveness of RL for code generation. 083
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Moreover, RLVR has been observed to suffer084

from vanishing advantage issues (Yu et al., 2025;085

Su et al., 2025) due to imbalanced task difficulty086

in existing coding RL datasets. When problems087

are either too easy or too difficult, policy models088

fail to generate solutions that meaningfully differ089

in reward outcomes, leading to weak or indistin-090

guishable learning signals. This issue becomes091

increasingly severe as reinforcement learning pro-092

ceeds over more optimization steps, further reduc-093

ing training efficiency and stability.094

Motivated by these limitations of static and095

single-pass verification, we argue that effective test096

case construction should be adversarially condi-097

tioned on the execution outcomes of candidate098

solutions, rather than generated solely from the099

problem statement or a reference solution. Our key100

insight is that candidate solutions and their execu-101

tion behaviors directly reveal which aspects of pro-102

gram semantics remain insufficiently challenged103

or indistinguishable under the current test suite.104

Leveraging this insight, we propose a solution-105

conditioned verification paradigm that adversar-106

ially refines test cases based on observed model107

behaviors, with the dual goals of increasing test108

difficulty and improving discriminative power. To109

ensure scalability and robustness, we further dis-110

courage redundant verification that repeatedly tar-111

gets the same failure patterns, encouraging broader112

coverage of distinct vulnerabilities. Together, these113

principles enable the construction of verification114

signals that are more informative, reliable, and ef-115

fective for reinforcement learning.116

Based on this paradigm, we introduce117

EVOLVECODER-22K, a new coding reinforce-118

ment learning dataset that augments existing119

programming problems with substantially stronger120

verification signals through multiple rounds of121

adversarial evolution. EVOLVECODER-22K pairs122

program instances with harder and more discrim-123

inative test suites, generated by conditioning on124

candidate solutions and their execution outcomes125

rather than relying on static, single-pass procedures.126

Compared to prior coding RL datasets, the result-127

ing verification suites exhibit reduced redundancy128

and broader coverage of distinct failure patterns,129

yielding more informative execution-based130

rewards. Consequently, EVOLVECODER-22K is131

well suited for stable and effective reinforcement132

learning for code generation while remaining133

computationally tractable at scale.134

We conduct detailed dataset analysis to study135

how test cases and program pass rates evolve over 136

four rounds of verification, with pass@1 being re- 137

duced from 43.80 to 31.22 due to stronger verifica- 138

tion, highlighting the increasing difficulty induced 139

by iterative adversarial refinement. We further 140

train EVOLVECODER-4B on EVOLVECODER-22K 141

and observe an average improvement of 4.2 points 142

across four downstream coding benchmarks com- 143

pared to the Qwen3-4B starting point, and a 1.8- 144

point gain over the strongest 4B baseline, Critique- 145

Coder (Ruan et al., 2025). Comprehensive ablation 146

studies demonstrate that increasing the number of 147

verification evolution rounds yields more stable op- 148

timization and consistently improves code genera- 149

tion performance. We hope our work highlights the 150

importance of solution-conditioned and adversarial 151

verification for advancing reinforcement learning 152

in code generation. 153

2 Dataset Construction 154

We construct our dataset through a multi-stage 155

pipeline that progressively strengthens problem 156

specifications and verification signals, as illustrated 157

in Figure 3. Starting from curated seed problems, 158

we refine task formulations and iteratively gener- 159

ate and filter test cases by leveraging execution 160

feedback from diverse candidate solutions. This 161

process produces fine-grained and reliable verifi- 162

cation signals suitable for reinforcement learning 163

with verifiable rewards. 164

2.1 Seed Datasets Construction 165

To build a large-scale and curated coding dataset, 166

we start by collecting high-quality seed datasets. 167

We aggregate seed data from five publicly available 168

datasets, including TACO (Li et al., 2023), APPS 169

(Hendrycks et al., 2021), SYNTHETIC-1 (Mattern 170

et al., 2025), Codeforces (Penedo et al., 2025), and 171

CodeContests (Li et al., 2022). These datasets pro- 172

vide natural language problem descriptions paired 173

Table 1: Statistics of seed datasets before and after
filtering, and the final dataset EVOLVECODER-22K. Fil-
tering removes highly similar problem instances based
on embedding similarity.

Dataset Before filtering After filtering EVOLVECODER-22K

TACO 26,433 13,776 9,099
APPS 8,765 2,295 1,925
PrimeIntellect 16,252 5,021 3,702
Contests 13,610 4,386 3,060
Codeforces 10,024 4,959 3,856

Overall 75,084 30,437 21,642
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Figure 1: Semantic duplication across dataset sources.
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with reference implementations in Python, and174

cover a wide range of domains and difficulty levels.175

The resulting collection serves as the foundation176

for all subsequent stages of our pipeline.177

Problems De-duplication Aggregating prob-178

lems from multiple sources inevitably introduces179

redundancy due to shared provenance across com-180

petitive programming platforms and educational181

repositories. Figure 1 presents cross-source seman-182

tic duplication in terms of relative overlap ratios183

between datasets, with diagonal entries normalized184

to one by definition. The most pronounced cross-185

dataset similarity is observed between APPS and186

TACO, as well as between TACO and CodeCon-187

tests, indicating substantial reuse of semantically188

equivalent or closely related problems across these189

sources. These patterns suggest that redundancy190

primarily arises from problem redistribution across191

benchmarks rather than isolated dataset construc-192

tion. If left unaddressed, such cross-source dupli-193

cation can distort the effective data distribution and194

reduce the true diversity of training signals.195

To address this issue, we perform semantic-level196

deduplication based on dense sentence embeddings.197

We encode all problem descriptions using the pre-198

trained ALL-MPNET-BASE-V2 model (Sentence-199

Transformers) and compute pairwise cosine sim-200

ilarity between embeddings. For pairs with simi-201

larity greater than 0.9, we randomly retain a sin-202

gle representative problem and discard the rest.203

Table 1 summarizes the dataset statistics before204

and after filtering, showing that a substantial frac-205

tion of redundant problems is removed across all206

sources, with retention rates ranging from 30.89%207

in PrimeIntellect to 52.12% in TACO. To illustrate208

the effect of filtering, Figure 2 shows the distribu-209

Figure 2: Distribution of mean cosine similarity to the
10 nearest neighbors before and after filtering.
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tion of mean cosine similarity to each problem’s 10 210

nearest neighbors before and after filtering. After 211

filtering, the distribution shifts markedly toward 212

lower similarity values, with the average similarity 213

decreasing from 0.792 to 0.698. This shift indicates 214

that local semantic neighborhoods become substan- 215

tially less redundant after filtering. Together, these 216

results show that our filtering procedure improves 217

dataset diversity while preserving large-scale cov- 218

erage, yielding a cleaner seed set for downstream 219

data generation and reinforcement learning. 220

2.2 Seed Dataset Refinement 221

While seed datasets provide programming prob- 222

lems paired with verifiable test cases, many of these 223

problems have become insufficiently challenging 224

for modern reasoning-capable models. Moreover, 225

test cases are typically represented as raw stdin– 226

stdout pairs, where multiple input–output exam- 227

ples are concatenated into a single evaluation in- 228

stance. This format obscures fine-grained execu- 229

tion outcomes and makes it difficult to assess how 230

a solution behaves on individual test cases. Under 231

these conditions, approaches (He et al., 2025; Liu 232

et al., 2025) that aim to induce harder corner cases 233

often rely on large-scale randomized input gener- 234

ation, with outputs obtained by executing oracle 235

solutions, followed by limited or post-hoc filtering. 236

In practice, this process still results in substantial 237

redundancy, as many test cases probe the same 238

underlying failure modes. In practice, such redun- 239

dancy significantly increases evaluation cost and 240

training time during reinforcement learning. 241

To address these limitations, we adopt the seed 242

refinement strategy introduced in AceCoder (Zeng 243

et al., 2025) as an initial preprocessing step. Given 244

a filtered question–solution pair (p, c), where p 245

denotes an original programming problem and 246

c a reference code solution, we prompt GPT- 247
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Figure 3: EVOLVECODER-22K Construction Pipeline

4.1MINI (OpenAI et al., 2024) to generate a refined248

LeetCode-style problem q with a rewritten problem249

specification and approximately 20 independently250

executable test cases {t1, . . . , tm}. These test cases251

are explicitly structured and self-contained, en-252

abling fine-grained evaluation of candidate solu-253

tions across diverse behavioral regimes. By in-254

creasing problem difficulty while reducing redun-255

dancy among test cases, this refinement step yields256

a cleaner and more discriminative seed dataset, pro-257

viding a stronger foundation for downstream test258

generation and reinforcement learning. See Ap-259

pendix A.1 for the refinement prompt.260

2.3 Progressive Test Case Refinement261

Pipeline Overview. We propose a progressive test262

case refinement pipeline that iteratively strengthens263

verification signals by conditioning test generation264

on diverse candidate solutions and their execution265

outcomes. Starting from an initial test suite, the266

pipeline alternates between adversarial test gener-267

ation and discriminative test generation, progres-268

sively exposing unresolved failure modes while269

controlling redundancy and evaluation cost. After270

completing all refinement rounds, a final test suite271

filtering stage is applied to consolidate generated272

tests and produce a compact, reliable verification273

set.274

Diverse Solution Sampling. To capture a wide275

range of executable behaviors and failure patterns,276

we construct a behaviorally diverse pool of candi-277

date solutions. Specifically, we use 8 independently278

trained open-source reasoning models, including279

the Qwen3 family (4B, 8B, 14B, 30B-A3B, and280

32B) (Yang et al., 2025), MiMo-7B-RL (Xia et al.,281

2025), Phi-4-Reasoning (Abdin et al., 2025), and282

DeepSeek-R1-Distill-Qwen-32B (Guo et al., 2025).283

For each problem q, each model generates 8 solu- 284

tions, yielding a total of 64 candidates denoted as 285

S(q) = {si}64i=1. This multi-model sampling ex- 286

poses diverse reasoning trajectories and systematic 287

failure behaviors that are difficult to obtain from 288

single-model generation and serves as the basis for 289

subsequent test case refinement. 290

Adversarial Test Case Generation. Building 291

on the behaviorally diverse solution pool, we refine 292

verification signals through adversarial test genera- 293

tion conditioned on candidate programs and their 294

execution behaviors. Given a solution set S(q) and 295

an initial test suite T (q), we evaluate all solutions 296

on all tests to construct a binary pass matrix M. 297

Tests that are passed by nearly all solutions are re- 298

moved, yielding a reduced suite T̃ (q) that better 299

captures unresolved behavioral differences. 300

Based on evaluation outcomes on T̃ (q), we form 301

a representative solution subset S⋆(q) by selecting 302

the two highest-pass-rate solutions together with 303

three solutions exhibiting maximal pairwise dis- 304

agreement in pass–fail patterns, measured by Ham- 305

ming distance. This selection balances solution 306

quality and behavioral diversity. Conditioned on 307

the problem description, T̃ (q), S⋆(q), and their 308

fine-grained execution results, the test generation 309

model synthesizes new assert-based tests T +(q) 310

that adversarially target uncovered corner cases, 311

producing more informative and discriminative ver- 312

ification signals. See Appendix A.2 for the refine- 313

ment prompt. 314

Discriminative Test Case Generation. Com- 315

plementary to adversarial refinement, we introduce 316

a discriminative test generation strategy targeting 317

candidate programs that remain difficult to distin- 318

guish under existing verification signals. Based 319

on the solution–test pass matrix M, we first filter 320
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Table 2: Dataset statistics across iterative construction rounds. For each round, we report the number of problems
and the average number of test cases per problem for each subset.

Round Metric Overall TACO APPS PrimeIntellect CodeContests Codeforces

0 #Problems 18,803 7,919 1,691 3,281 2,679 3,233
#Avg. Tests 10.76 10.70 10.78 10.49 10.77 11.20

1 #Problems 20,867 8,768 1,850 3,572 2,960 3,717
#Avg. Tests 20.87 20.43 20.13 19.45 21.17 23.39

2 #Problems 21,412 8,981 1,898 3,676 3,032 3,825
#Avg. Tests 28.39 27.58 26.70 25.84 29.16 32.96

3 #Problems 21,642 9,099 1,925 3,702 3,060 3,856
#Avg. Tests 35.04 33.80 32.17 31.43 36.38 41.81

the test suite in two stages. We remove tests with321

extremely low pass rates across the solution pool,322

below 0.1, as such tests are likely erroneous and323

yield unreliable discrimination. We then discard324

tests with identical pass vectors, retaining a single325

representative per equivalence class. This produces326

a compact filtered suite T̂ (q) that preserves the327

essential discriminative structure while reducing328

redundancy.329

Using evaluation vectors on T̂ (q), we select a330

subset of five behaviorally overlapping solutions331

S∼(q) ⊂ S(q) by prioritizing solutions with iden-332

tical or near-identical pass–fail patterns, and other-333

wise minimizing pairwise Hamming distance. Con-334

ditioned on the problem description, T̂ (q), S∼(q),335

and their evaluation outcomes, the generator syn-336

thesizes new assert-based tests T ‡(q) under an337

explicit split constraint, requiring each test to be338

passed by at least one solution and failed by at least339

one solution. This procedure exposes fine-grained340

behavioral differences among solutions that were341

previously indistinguishable. See Appendix A.3342

for the refinement prompt.343

Test Suite Filtering. This stage refines the test344

suite T (q) accumulated over multiple refinement345

rounds by removing test cases with limited discrim-346

inative value across the candidate solution pool347

S(q). For each problem q, we analyze the test–348

solution pass matrix M defined over T (q) and349

S(q). We first remove tests with extremely low350

empirical pass rates, below 10%, as such cases are351

likely to be unreliable. Next, tests with identical352

pass–fail vectors in M are grouped, and up to five353

representatives are retained per group to control354

redundancy. The resulting reduced test suite T ′(q)355

is further constrained by discarding problems with356

fewer than five retained tests or with more than 60357

perfectly solved solutions. This filtering procedure 358

yields a smaller but more informative test suite that 359

preserves meaningful behavioral differences while 360

enabling efficient and reliable evaluation across 361

refinement rounds. 362

3 Dataset Analysis 363

This section provides an empirical analysis of 364

EVOLVECODER-22K, the dataset obtained after 365

multi-round test case refinement. We analyze its 366

evolution across refinement rounds, focusing on 367

dataset scale, test case retention, and difficulty 368

progression, and evaluate verification quality and 369

model performance on the final dataset. 370

3.1 Dataset Scale Across Iterations 371

Table 2 summarizes the evolution of dataset scale 372

across iterative construction rounds. We observe a 373

monotonic increase in both the number of problems 374

and the average number of test cases per problem. 375

Overall, the dataset expands from 18,803 problems 376

in Round 0 to 21,642 problems in Round 3, while 377

the average number of test cases per problem in- 378

creases from 10.76 to 35.04, reflecting a substantial 379

growth in verification volume over successive iter- 380

ations. 381

This growth pattern is consistent across all 382

source subsets, including TACO, APPS, PrimeIntel- 383

lect, CodeContests, and Codeforces. The reported 384

problem counts correspond to the dataset state after 385

the filtering step described in Section 2.3, which 386

discards problems with fewer than five retained 387

test cases or with an excessive number of perfectly 388

solved solutions. The continued increase in prob- 389

lem count, therefore, indicates that newly generated 390

problems and refined test suites consistently satisfy 391

these quality constraints, allowing the dataset to 392
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Figure 4: Difficulty evolution across rounds.
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Figure 5: Generated and retained test cases across
rounds for two generation strategies: Method 1 (Ad-
versarial) and Method 2 (Discriminative).
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scale in a balanced manner without concentrating393

expansion on any specific source.394

3.2 Difficulty Analysis395

We analyze how evaluation difficulty evolves396

across iterative construction rounds by measur-397

ing model Pass@k under the test suite produced398

at each iteration, where evaluated solutions are399

uniformly sampled from the full candidate pool400

S(q) = {si}64i=1. While the underlying problems401

remain unchanged, later rounds strengthen verifi-402

cation by introducing increasingly adversarial and403

fine-grained corner test cases. As shown in Fig-404

ure 4, Pass@1, Pass@4, and Pass@8 decrease405

monotonically from Round 0 to Round 3, indicat-406

ing that progressively refined test suites reject a407

larger fraction of partially correct solutions and408

expose failure modes that were previously unde-409

tected. Although a decrease in Pass@k alone does410

not necessarily imply improved verification qual-411

ity, in our setting it is accompanied by increased412

discrimination and stable RL gains.413

Building on this analysis, we further examine414

Pass@k performance of different candidate so-415

lution models on the final-round test suite, as416

shown in Figure 6. Clear performance stratifica-417

Figure 6: Pass@k performance of diverse candidate
solution models on the final dataset.
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tion emerges across models under the same, fully 418

refined verification protocol. As expected, Pass@1, 419

Pass@4, and Pass@8 increase with larger k for 420

all models. However, substantial gaps persist in 421

absolute performance: larger-scale or reasoning- 422

enhanced models, such as Qwen3-14B, Qwen3- 423

32B, and Phi-4-Reasoning, achieve consistently 424

higher pass rates across all k, reflecting stronger 425

robustness to adversarial corner cases, whereas 426

smaller and distilled models exhibit lower Pass@1 427

and Pass@4, revealing more frequent latent fail- 428

ures. 429

Notably, the performance differences across 430

models narrow at higher k, particularly for Pass@8, 431

suggesting that the final test suite is not merely 432

overly restrictive but instead effectively differenti- 433

ates single-solution reliability from multi-sample 434

search capability. This behavior indicates that 435

while weaker models can occasionally recover cor- 436

rect solutions through repeated sampling, stronger 437

models are more likely to produce correct and ro- 438

bust solutions on the first attempt. Overall, these 439

results demonstrate that the final dataset provides 440

a balanced yet discriminative evaluation setting, 441

enabling meaningful comparison of candidate so- 442

lution models and serving as a reliable benchmark 443

for downstream training and analysis. 444

3.3 Comparison of Test Case Generation 445

Methods 446

This section compares two test case generation 447

methods in terms of both the number of gener- 448

ated tests and the proportion retained after filter- 449

ing across iterative construction rounds. We use 450

pass-vector diversity as a proxy for discriminative 451

power, rather than a direct semantic metric. As 452
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Table 3: Performance across rounds. Pass@1 results for models trained from Qwen3-4B (Thinking) using data from
different refinement rounds, compared with strong reference models. We visualize gains of EVOLVECODER-4B
(r3) to each baseline in the ∆ column . Abbreviations: BCB=BigCodeBench-Instruct, LCB=LiveCodeBench.

Model EvalPlus BCB-Full BCB-Hard Aider-Polyglot LCB-v5 AVG ∆

AceCoder-7B 82.7 43.3 19.6 - - - -
DeepSeek-R1-Distill-14B 82.4 38.1 20.9 18.6 53.0 42.6 ↑ 15%
DeepCoder-14B 85.3 38.2 18.2 18.4 60.6 44.1 ↑ 11%
DeepSeek-V2.5-238B 83.8 48.9 27.0 17.8 42.6 44.0 ↑ 11%
Qwen3-4B (Thinking) 85.2 42.0 20.9 21.8 54.2 44.8 ↑ 9%
Critique-Coder-4B 86.5 43.1 23.0 24.4 59.0 47.2 ↑ 4%
o1 88.6 50.4 28.4 61.7 59.5 57.7 -

EVOLVECODER-4B (r0) 88.3 41.2 23.0 24.4 56.0 46.6 ↑ 5%
EVOLVECODER-4B (r1) 88.8 42.4 23.0 24.4 57.2 47.2 ↑ 4%
EVOLVECODER-4B (r2) 88.8 42.8 24.3 27.1 59.6 48.5 ↑ 1%
EVOLVECODER-4B (r3) 89.0 43.4 25.0 27.4 59.7 49.0 -

shown in Figure 5, both methods exhibit a gradual453

decrease in the number of generated test cases over454

iterations, reflecting a convergence toward more455

targeted and informative test generation as verifica-456

tion is progressively refined.457

Despite similar trends in generation volume, the458

two methods differ in retention behavior. Method459

2 consistently achieves higher retention rates, in-460

dicating that its generated tests are more likely to461

survive downstream filtering and provide useful462

discrimination among candidate solutions. In con-463

trast, the other method produces a larger fraction464

of tests that are removed during filtering, suggest-465

ing greater redundancy or lower alignment with466

unresolved failure modes. Overall, this comparison467

highlights that the generation strategy has a tangi-468

ble impact on test suite efficiency, even under the469

same iterative refinement and filtering protocol.470

4 Performance Evaluation471

In this section, we evaluate the effectiveness of our472

dataset through controlled empirical studies. We473

compare models trained on datasets from different474

construction rounds under identical training proto-475

cols to analyze how progressively refined verifica-476

tion signals influence learning outcomes. We fur-477

ther benchmark our trained models against strong478

baseline models to assess performance on the final479

dataset.480

4.1 Experimental Settings481

Training Setup. We adopt Group Relative Policy482

Optimization (GRPO) for reinforcement learning.483

Unless otherwise specified, we use a group size484

of 8 and apply nucleus sampling with temperature485

0.6 and top-p 0.95 during rollout generation. All 486

experiments are conducted using the Qwen3-4B 487

model, with a maximum prompt length of 4,096 488

tokens and a maximum response length of 32,768 489

tokens. Policy optimization is performed with a 490

learning rate of 1 × 10−6. We set the upper and 491

lower clipping ratios of the actor to 0.30 and 0.20, 492

respectively, to stabilize updates. All models are 493

trained under the same optimization settings to en- 494

sure fair comparison. 495

Benchmarks. We evaluate our trained mod- 496

els on four widely used coding benchmarks: 497

EvalPlus (Liu et al., 2023b), which aggregates 498

HumanEval (Chen et al., 2021), HumanEval+, 499

MBPP (Austin et al., 2021), and MBPP+, 500

BigCodeBench-Instruct (Zhuo et al., 2024), Aider- 501

Polyglot (Aider, 2024), and LiveCodeBench v5 502

(2024.10–2025.02) (Jain et al., 2024). These bench- 503

marks cover a diverse range of programming tasks 504

and difficulty levels, enabling a comprehensive as- 505

sessment of code generation and reasoning perfor- 506

mance across different evaluation regimes. 507

Evaluation Setup. For evaluation, we follow 508

the thinking-mode sampling configuration reported 509

in the original Qwen3 paper (Yang et al., 2025), 510

using a temperature of 0.6, top-p 0.95, top-k 20, 511

and a maximum generation length of 32,768 tokens, 512

which is applied consistently across all benchmarks. 513

For LiveCodeBench, we adopt the official thinking- 514

mode evaluation prompt. We additionally compare 515

our models against several strong coding baselines, 516

including DeepSeek-R1-Distill-14B (Guo et al., 517

2025), DeepCoder (Luo et al., 2025), DeepSeek- 518

V2.5 (DeepSeek-AI, 2024), and GPT-o1 (Jaech 519

et al., 2024b), evaluated under high-reasoning set- 520

tings where applicable. 521
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4.2 Results522

Table 3 summarizes model performance across it-523

erative reinforcement learning rounds under the524

same training and evaluation settings. We observe525

steady and consistent improvements as training526

progresses from Round 0 to Round 3 across all527

benchmarks. In particular, gains are most pro-528

nounced on BigCodeBench-I, Aider-Polyglot, and529

LiveCodeBench, indicating that later rounds lead to530

stronger generalization on harder and more diverse531

coding tasks. By Round 3, the model achieves the532

best overall results, reaching an average score of533

49.0, representing a +2.4 improvement over the534

Round 0 model.535

Compared with strong baselines, the final536

model trained in Round 3 consistently outper-537

forms Qwen3-4B (Thinking) and Critique-Coder-538

4B across all evaluation metrics, and remains com-539

petitive even compared with substantially larger540

models such as DeepSeek-V2.5-238B. These re-541

sults demonstrate that iterative reinforcement learn-542

ing alone, when applied over progressively refined543

training rounds, yields systematic and reliable per-544

formance gains without increasing model scale, im-545

proving both overall coding ability and robustness546

on challenging benchmarks.547

5 Related Works548

5.1 Unit Tests Generation549

Unit testing plays an essential role in verifying550

the correctness of the generated solution. CodeT551

(Chen et al., 2022) and MPSC (Huang et al., 2023)552

made early attempts to leverage LLM to generate553

both solutions and test cases, selecting the best so-554

lution from multiple samples based on execution555

results on test cases. (Yang et al., 2024) system-556

atically investigated the effectiveness of LLMs in557

generating unit tests through extensive empirical558

studies. AceCoder (Zeng et al., 2025) synthesized559

test cases along with questions from seed datasets560

in LeetCode style, then utilized Qwen2.5-Coder-561

32B-Instruct to perform quality control. KodCode562

(Xu et al., 2025) first used GPT-4o-0513 to gener-563

ate both solutions and test cases, then employed a564

self-verification procedure to verify them.565

5.2 Synthetic Data Generation566

Since manually labeled data is costly to obtain,567

people have turned to LLM-generated data as an568

alternative solution. Self-instruct (Wang et al.,569

2022) leveraged self-generated instruction data to570

enhance LLMs’ instruction-following capabilities. 571

UltraChat (Ding et al., 2023) provided richly struc- 572

tured multi-turn instructional data, which plays a 573

critical role in fostering general chat model capa- 574

bilities. Dromedary (Sun et al., 2023) was devel- 575

oped by applying Self-align to LLaMA-65B, with 576

alignment data playing a central role in its train- 577

ing. Evol-Instruct (Luo et al., 2023) utilized an 578

evolutionary algorithm that generates diverse and 579

complex instruction data for LLM. 580

5.3 Reinforcement Learning for Coding Task 581

Reinforcement learning has shown growing 582

promise in the LLM post-training stage, attract- 583

ing significant attention for its potential in code 584

generation. CodeRL (Le et al., 2022) introduced 585

the first RL framework in code generation, utilizing 586

unit test signals in an actor-critic architecture. After 587

that, PPOCoder (Shojaee et al., 2023) extends this 588

approach by integrating the PPO algorithm, and 589

RLTF (Liu et al., 2023a) further refines it by pro- 590

viding feedback of multi-granularity. To enhance 591

RL exploration in generating lengthy code, Step- 592

Coder (Dou et al., 2024) adopts a step-by-step strat- 593

egy, breaking down the task into manageable steps. 594

SWE-RL (Wei et al., 2025) extends reinforcement 595

learning to long-context, repository-level software 596

engineering tasks. 597

6 Conclusions 598

Existing reinforcement learning with verifiable re- 599

wards (RLVR) for code generation is fundamen- 600

tally limited by weak and static verification signals. 601

In this work, we propose a solution-conditioned 602

adversarial verification paradigm that refines test 603

cases based on model execution behaviors, offering 604

an alternative to fixed or single-pass test genera- 605

tion. This paradigm iteratively increases test diffi- 606

culty and discriminative power while controlling 607

redundancy and verification cost. Building on this 608

approach, we introduce EVOLVECODER-22K, a 609

coding RL dataset with substantially stronger veri- 610

fication signals. Extensive experiments show that 611

iterative adversarial refinement leads to more stable 612

training and consistent performance gains across 613

diverse coding benchmarks, highlighting the prac- 614

tical value of adversarial verification for effective 615

code reinforcement learning. 616
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Limitations617

No Formal Guarantee on Problem and Test Cor-618

rectness619

Despite heuristics such as filtering, cross-model620

validation, and execution-based consistency checks,621

our pipeline does not provide a formal guarantee622

of the correctness of generated problems and test623

cases. While methods are employed to remove624

invalid tests and problems, these procedures are625

empirical in nature. As a result, it remains pos-626

sible that a small fraction of generated instances627

contain specification ambiguities, incomplete cov-628

erage, or incorrectness that are not exposed by629

the candidate solution pool. We therefore rely on630

empirical evidence, such as stable reinforcement631

learning dynamics and consistent performance im-632

provements across benchmarks, to demonstrate the633

overall quality of the dataset, rather than offering634

theoretical guarantees. Establishing formal cor-635

rectness or soundness guarantees for large-scale,636

automatically constructed coding datasets remains637

an open and challenging problem.638

Restriction to Python Programs639

Our dataset construction and evaluation are lim-640

ited to Python programs. This choice is moti-641

vated by the availability of mature execution tool-642

ing, sandboxing infrastructure, and widely adopted643

benchmarks that enable reliable and large-scale644

execution-based verification. Python also provides645

a practical environment for validating reinforce-646

ment learning outcomes. While we expect the core647

principles of our pipeline to be largely language-648

agnostic, EVOLVECODER-22K itself is not directly649

applicable to other programming languages. Ex-650

tending the pipeline to additional languages would651

require language-specific execution environments,652

safety mechanisms, and benchmark support, which653

we leave to future work.654

Ethical considerations655

This paper fully complies with the ACL Ethics656

Policy, and we are not aware of any ethical issues657

associated with this work. AI-based tools were658

used to assist with language polishing and clarity659

of presentation. All technical content, experimental660

design, data generation, analysis, and conclusions661

were produced by the authors.662
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A Appendix909

A.1 Prompt Template used for Creating910

Initial Round Dataset911

Instruction for LeetCode Question Genera-
tor

Task: Transform a code snippet into a very challeng-
ing LeetCode-style question intended for advanced CS
university students and experienced software engineers.

Role / Prompt: You are the latest and best bot aimed
at transforming some code snippet into a very challeng-
ing LeetCode-style question intended for advanced CS
university students and experienced software engineers.

You will be given:

1. Original question/prompt for writing code
2. Reference program that attempts to answer the ques-

tion

Primary objectives (what to create):

1. Create a LeetCode-style question that meets the re-
quirements below

2. Generate 20 independent test cases using assert state-
ments

Question requirements (must follow):

1. Difficulty level:
The question must be hard or very hard difficulty
level (similar to the hardest LeetCode problems).
Challenging enough that solving it takes 30–60 min-
utes for experts.

2. Algorithmic requirements:
The question should require advanced algorithmic
thinking, such as:

→ Graph theory with dynamic programming.
→ Advanced string processing (suffix arrays,

KMP, etc.).
→ Complex greedy + data structure combina-

tions.
→ Sliding windows with optimization, interval

DP, or segment trees.
3. Format requirements:

Must contain a function signature, rather than std-
in/stdout style.
Must be self-contained (no external resources or
data).
Avoid machine learning, OS-level concepts, or any-
thing requiring system calls or file I/O.
Do NOT request time/space complexity analysis or
ask for test cases in the question text.

4. Adaptation policy:
You can take inspiration from the reference code
snippet, but you may discard parts of it if necessary
to make the question cleaner and harder.

Test case requirements:

1. Generate 20 independent test cases using assert state-
ments.

2. Each test case must:
→ Use constant values (no randomness or exter-

nal resource calls).
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→ Be independent of other test cases.
→ Include both input parameters and expected

output.

Output format (JSON ONLY): Return a JSON object
with the following keys ONLY.

Do not output any text outside JSON.

{
"question": "...",
"tests": ["assert ...", "assert ..."]

}

Inputs:

Original Question: {instruction}
Reference Program:

```python
{program}
```
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Instruction for LeetCode Question Genera-
tor

Task: Transform a code snippet into a very challeng-
ing LeetCode-style question intended for advanced CS
university students and experienced software engineers.

Role / Prompt: You are the latest and best bot aimed at
transforming some code snippet into a very challenging
LeetCode-style question intended for advanced CS uni-
versity students and experienced software engineers. You
will be provided with a prompt for writing code.

Primary objectives:

1. Create a LeetCode-style question that meets these
requirements:

The question must be hard or very hard difficulty
level (similar to the hardest LeetCode problems).
The question should require advanced algorithmic
thinking, such as:
– Graph theory with dynamic programming.
– Advanced string processing (suffix arrays, KMP,

etc.).
– Complex greedy + data structure combinations.
– Sliding windows with optimization, interval DP,

or segment trees.
The question must:
– Contain a function signature, rather than stdin/std-

out style.
– Be self-contained (no external resources or data).
– Be challenging enough that solving it takes 30–60

minutes for experts.
– Avoid machine learning, OS-level concepts, or

anything requiring system calls or file I/O.
Do NOT request time/space complexity analysis or
ask for test cases in the question text.
You can take inspiration from the reference code
snippet, but you may discard parts of it if necessary
to make the question cleaner and harder.

2. Based on the question you create:
Generate 20 independent test cases using assert state-
ments.
Each test case must:

914
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– Use constant values (no randomness or external
resource calls).

– Be independent of other test cases.
– Include both input parameters and expected out-

put.

Output format (JSON ONLY): Return a JSON object
with the following keys ONLY.

question: The LeetCode-style question text (string).
tests: Array of assert statements (list of strings).
Do not output any text outside JSON.

{
"question": "...",
"tests": ["assert ...", "assert ..."]

}

Inputs:

Original Question: «instruction»
915

A.2 Prompt Template used for Adversarial916

Test Case Generation917

Instruction for Adversarial Test Case Gen-
erator

Task: Generate adversarial and diverse test cases that
reveal subtle weaknesses in high-performing programs.
Create 20 new assert-based test cases that significantly
upgrade the current test suite.

Role / Prompt: You are an advanced AI system special-
ized in generating adversarial and diverse test cases that
reveal subtle weaknesses in high-performing programs.
You will receive a coding problem, five different pro-
grams solving it, existing test cases, and their evaluation
results.

You will be given:

1. Coding problem description (question)
2. Five different programs solving the problem (Python

code)
3. Existing test cases
4. Evaluation results (rows = programs, columns = tests)

Primary objectives (what to achieve): Create 20 new
test cases that satisfy these requirements:

1. Focus on challenging high-pass-rate programs
2. Design cases likely to make at least one top-

performing solution fail
3. Include diverse input patterns that challenge different

dimensions of the problem space
4. Avoid repetition of existing test cases or trivial varia-

tions
5. Ensure all test cases are correct according to the prob-

lem definition
6. Make test cases independent of other test cases
7. Use constant values (no randomness or external re-

source calls)
8. Include both input parameters and expected output

Hard constraints (must follow):

1. Correctness requirement:
918

All test cases must be correct according to the prob-
lem definition.
Do NOT create test cases based on any specific
program’s behavior.

2. Diversity requirement:
Test cases must cover diverse input patterns across
different dimensions of the problem space.
Avoid duplicating existing test cases or creating triv-
ial variations.

3. Adversarial targeting:
Prioritize challenging high-pass-rate programs.
Design cases likely to expose weaknesses in at least
one top-performing solution.

4. Test independence:
Each test case must be independent of other test
cases.
Use constant values only (no randomness or external
resource calls).

5. Format requirement:
All test cases must be in assert-based format.
Include both input parameters and expected output
in each test case.

Output format (JSON ONLY): Return a JSON object
with the following structure:

The output must be a JSON object with a single key
tests.
The value must be an array of strings, where each string
is an assert statement.
Do not output any text outside JSON.

{
"tests": [
"assert ...",
"assert ...",
...

]
}

Inputs:

Question:
{question}
Programs (5 Python programs): {program1}
{program2}
{program3}
{program4}
{program5}
Existing tests:
{tests}
Evaluation results (rows = programs, columns = tests):
{eval_tests}

919

A.3 Prompt Template used for Discriminative 920

Test Case Generation 921

Prompt for Discriminative Test Case Gener-
ation

Task: Generate differentiating test cases that expose logi-
cal and behavioral differences between similar programs.

Role / Prompt: You are an advanced AI system special-
ized in generating differentiating test cases that expose
logical and behavioral differences between similar pro-
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grams. You will receive a coding problem, five programs
that currently produce mostly similar evaluation results,
existing test cases, and their evaluation results.

Your task: Create 20 new assert-based test cases that
maximize discrimination power among these programs.

Requirements:

1. Differentiation requirement:
Each test case must clearly differentiate among
programs that share similar evaluation results.
At least one program must fail in each test case.
At least one program must pass in each test case.
Test cases should expose different failure modes
across the programs.

2. Correctness and independence:
All test cases must be correct according to the prob-
lem definition, not based on any specific program.
Use constant values (no randomness or external re-
source calls).
Each test case must be independent of other test
cases.
Include both input parameters and expected output.

Output format (JSON ONLY): Return a JSON object
with the following structure:

Do not output any text outside JSON.

{
"tests": [
"assert ...",
"assert ..."

]
}

Inputs:

Question:
{question}
Programs (5 Python programs): {program1}
{program2}
{program3}
{program4}
{program5}
Existing tests:
{tests}
Evaluation results (rows = programs, columns = tests):
{eval_tests}
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