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Abstract001

Multi-domain thinking verifiers trained via Re-002
inforcement Learning from Verifiable Rewards003
(RLVR) are a prominent fixture of the Large004
Language Model (LLM) post-training pipeline,005
owing to their ability to robustly rate and rerank006
model outputs. However, the adoption of such007
verifiers towards code generation has been com-008
paratively sparse, with execution feedback con-009
stituting the dominant signal. Nonetheless,010
code verifiers remain valuable toward judging011
model outputs in scenarios where execution012
feedback is hard to obtain and are a potentially013
powerful addition to the code generation post-014
training toolbox. To this end, we create and015
open-source Aletheia, a controlled testbed016
that enables execution-grounded evaluation of017
code verifiers’ robustness across disparate pol-018
icy models and covariate shifts. We examine019
components of the RLVR-based verifier training020
recipe widely credited for its success: (1) inter-021
mediate thinking traces, (2) learning from nega-022
tive samples, and (3) on-policy training. While023
experiments show the optimality of RLVR, we024
uncover important opportunities to simplify the025
recipe. Particularly, despite code verification026
exhibiting positive training- and inference-time027
scaling, on-policy learning stands out as the key028
component at small verifier sizes, and thinking-029
based training emerges as the most important030
component at larger scales.1031

1 Introduction032

Reinforcement Learning (RL) for code generation033

typically relies on runtime signals to verify correct-034

ness (Le et al., 2022; Shojaee et al., 2023; Gehring035

et al., 2025; Liu et al., 2023a). However, self-036

contained executable codes with accompanying test-037

cases are a scarce resource—even for curated com-038

petitive programming datasets—and manual cre-039

ation at scale is impractical (Wang et al., 2025c).040

1We open source our dataset and codes at: https://

anonymous.4open.science/r/arr2026-aletheia/

Prior work has attempted to sidestep this bottle- 041

neck via automating test-case generation (Li et al., 042

2022; Liu et al., 2023b; Chen et al., 2022; Li et al., 043

2023). However, these methods often struggle with 044

test coverage and the inherent difficulty of specify- 045

ing assertions for open-ended tasks. Alternatively, 046

existing literature has dabbled in automating self- 047

contained environment creation (Jain et al., 2025; 048

Xie et al., 2024) and world modelling (Copet et al., 049

2025), which can be challenging for compiled lan- 050

guages without mature package managers. 051

In this work, we revisit yet another approach: 052

surrogate code-execution verifiers (Ni et al., 2023; 053

Li et al., 2025; Zeng et al., 2025; Shi et al., 2022; 054

Zhang et al., 2023b). This approach involves train- 055

ing code verifier models to score code snippets on 056

execution and auxiliary runtime outcomes without 057

actually executing them. This allows post-training 058

pipelines to leverage the code understanding and 059

generalization capabilities of LLMs, providing a 060

more flexible signal that obviates environment setup 061

and code execution. Additionally, code verifiers af- 062

ford feedback signals at multiple granularities, en- 063

abling long-horizon tasks where once-per-episode 064

verifiable rewards are often too sparse to guide con- 065

vergence (Cui et al., 2025). 066

Recently, general-domain thinking-enabled ver- 067

ifiers have proliferated in post-training pipelines 068

for reasoning-heavy domains such as math and sci- 069

ence (Liu et al., 2025b; Ma et al., 2025; Cen et al., 070

2025). This newfound dominance has been attained 071

on the back of RLVR-based training (Chen et al., 072

2025d; Huang et al., 2025), unlocking improved 073

interpretability (Gunjal et al., 2025) and robustness 074

to reward hacking (Chen et al., 2025b). However, 075

this paradigm has made fewer inroads in the field 076

of code generation (Ni et al., 2024; Shum et al., 077

2025), where the few existing attempts are predomi- 078

nantly encoder-only regressionmodels (Zhang et al., 079

2023b; Shi et al., 2022; Inala et al., 2022). 080
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Figure 1: The dataset creation pipeline. We follow a three-step process by (1) sourcing competition-level
programming questions from CodeContests+ (Wang et al., 2025c) and sampling solutions from open-source LLMs,
(2) executing the obtained solutions using SandboxFusion to obtain pass rates (PRs), (3) creating lists of 2-5 codes,
of which exactly one is fully correct, and (4) dividing the resulting lists into our training and evaluation sets. A
detailed description of the pipeline is in Section 2.1.

With this in view, we posit the question: Is081

RLVR the optimal approach when training code082

verifiers? An in-depth look into this question is083

interesting for multiple reasons. Firstly, prior work084

has demonstrated that small regression LMs are085

capable of approximating a plethora of execution086

outcomes (Akhauri et al., 2025). However, doing087

so in a manner robust to semantic-preserving or ad-088

versarial transforms is much more challenging (Ha-089

roon et al., 2025), even for the largest off-the-shelf090

models (Lyu et al., 2025). Secondly, the impor-091

tance of reasoning in verification often strongly092

depends upon the difficulty of the problem (Pandit093

et al., 2025) and the quality of the generator being094

graded (Zhou et al., 2025). Finally, the conventional095

RLVR training recipe is compute-intensive and can096

suffer from low GPU utilization owing to the large097

number of models involved (the rollout policy, the098

behavior policy, and potentially an optional KL ref-099

erence model, reward model, and a value model),100

the frequent parameter synchronizations between101

them, and the long rollout generations that are inter-102

spersed. Identifying efficient simplifications to the103

recipe could be key to unlocking the widespread104

use of surrogate code verifiers.105

We thus formulate our study by identifying three106

major axes that contribute to the computational cost,107

and potentially to the success of RL – Generating108

long intermediate traces before converging to an an-109

swer (Thinking), learning from both positive and110

negative samples (Negatives), and learning from111

data generated by an updated policy (Online). De-112

spite being characteristic of the RLVR recipe, the113

utility of all these axes is unclear, with arguments114

both for and against their effectiveness (detailed in115

Section 3). Examining the impact of these com-116

ponents enables the identification of simpler and 117

more efficient training approaches, with broader 118

applicability under computational constraints. 119

Concretely, we summarize our contributions as: 120

• We create Aletheia, a controlled testbed to fa- 121

cilitate stress-testing code verifier training ap- 122

proaches across disparate policy generators and 123

three realistic covariate shift settings (Section 2). 124

• We thoroughly ablate the relative contributions 125

of reasoning, online learning, and learning from 126

negatives in RLVR for verifier training. We con- 127

duct our analyses on verifiers ranging from 1.5B 128

to 14B parameters in size (Section 3). 129

• We identify regimes where the optimal RLVR 130

code verifier training recipe can be simplified 131

without a marked loss in accuracy (Section 4). 132

2 Experimental Setup 133

2.1 Data Curation and Testbed Creation 134

We create a controlled training and evaluation 135

setup to replicably evaluate the OOD capabilities 136

of our trained verifiers. Code contest problems 137

are particularly suitable for this purpose owing 138

to their self-contained nature (enabling execution- 139

grounded evaluation) and clearly annotated diffi- 140

culty levels (enabling fine-grained analyses). To 141

this end, we source programming problems from 142

CodeContests+ (Wang et al., 2025c), containing 143

≈ 25 synthetic test cases per instance. We filter out 144

noisy instances where the synthetic testcases have a 145

true positive rate or true negative rate< 0.9 against 146

a pre-evaluated user-submitted solution pool. We 147

also discard samples with fewer than 5 test cases and 148

a time limit of more than 3 seconds. This gives us a 149

dataset of 4903 programming questions with high- 150

quality input-output test cases that can be solved 151
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in any suitable programming language. We gen-152

erate 50 completions each in Python, C++, and153

Java at a high sampling temperature of 1.0 using154

a mix of Weak and Strong LLMs as listed in Ta-155

ble 1. The strength of an LLM is determined based156

on its size and its standing on the BigCodeBench157

Leaderboard (Zhuo et al., 2024). The prompts for158

generating these codes are listed in Appendix E.159

Model Family Weak Strong ∆Score

DeepSeekCoder 6.7B 33B 6.5
Gemma2 9B 27B 5.1
Llama3.1 8B 70B 13.3
Qwen2.5Coder 7B 32B 8.6

Table 1: Generators used for our datasets. ∆Score
is the difference between the Pass@1 BigCodeBench-
Instruct scores of the Strong and Weak models. We use
the -Instruct variant of all models in out experiments.

We then execute the code snippets using160

SandboxFusion2 and calculate the percentage of161

test cases passed for each code (hereby referred to162

as the pass rate or PR). We construct lists contain-163

ing 2 − 5 solution codes, wherein each list con-164

tains codes with a distinct PRs and exactly one165

with PR = 1. Since the space of valid outputs166

is discrete, creating lists of variable length disincen-167

tivizes models from gaming evaluation via random168

guessing. We divide these lists into Easy and Hard169

buckets based on their PRs; The Easy bucket con-170

tains lists where PRincorrect ∈ [0, 0.5] and Hard has171

PRincorrect ∈ [0.7, 0.9], making them partially cor-172

rect and harder to distinguish from the correct code.173

Algorithm Thinking Negatives Online

GRPO-Think (§3) ✔ ✔ ✔
GRPO-Instruct (§3.1) ❌ ✔ ✔
DPO (§3.2) ✔ ✔ ❌
Batch-online GRPO (§3.2) ✔ ✔ ∼
RAFT (§3.3) ✔ ❌ ✔

Table 2: Overview of algorithms used. “Thinking”
denotes long intermediate trace generation, “Negatives”
implies the use of negative samples, and “Online” indi-
cates on-policy training.

We subsample the Weak-Easy bucket to 50, 000174

instances, dubbed Aletheia-Train. Addition-175

ally, we create four evaluation datasets, equally dis-176

tributed by list lengths and programming languages,177

and containing programming questions unseen dur-178

ing training (refer to Appendix A for statistics).179

• Aletheia-Heldout. Easy comparisons by Weak180

models. This is our in-distribution baseline.181
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• Aletheia-Strong. Easy comparisons gener- 182

ated by Strong models. This dataset tests the 183

robustness of the trained models to a shift in the 184

generator’s capability, without altering the quality 185

of the codes being compared (Zhou et al., 2025). 186

• Aletheia-Hard. Hard comparisons generated 187

by Weak models. Performance on this dataset 188

reflects the easy-to-hard generalization abilities 189

of our verifiers (Hase et al., 2024; Sun et al., 2024) 190

• Aletheia-Adv. To test the adversarial robust- 191

ness of our verifiers, we apply three positive 192

and negative modifications to the incorrect and 193

correct codes in Aletheia-Heldout respec- 194

tively,3 based on prior work on biases in LLM 195

judges (Lam et al., 2025; Hwang et al., 2025; 196

Moon et al., 2025). We describe the modifica- 197

tions used in this dataset in detail in Appendix D. 198

2.2 Training details 199

We validate our findings across a wide range 200

of model sizes, training 1.5B, 7B, and 14B pa- 201

rameter variants for each method. Unless ex- 202

plicitly mentioned, we initialize each method 203

from the Deepseek-R1-Distill-Qwen2.5 mod- 204

els (DeepSeek-AI, 2025) because they have been 205

warm-started to generate reasoning traces before 206

answering. To ensure a fair comparison, all meth- 207

ods are trained for an identical number of gradient 208

updates. For on-policy methods, we generate 16 209

responses at a high sampling temperature of 1.0 and 210

award a +1 to generations that identify the correct 211

candidate, and 0 otherwise. We provide a detailed 212

description of our training setup and experiment 213

with alternate rewards in Appendices B and C. 214

3 Research Questions and Results 215

We analyze the impact of three axes during training 216

on downstream verifier performance – Thinking, 217

Negatives, and Online, as described in Section 1. 218

Across each ablation, we compare GRPO (Shao 219

et al., 2025) to alternatives proposed in prior work, 220

each lacking exactly one axis. The algorithms used 221

in the subsequent sections are described in Table 2. 222

3.1 RQ1: Do verifiers need thinking traces? 223

Summary Of Findings 1
• Reasoning traces have a limited benefit for smaller

models, but are vital to the success of large models.

• Increasing reasoning budgets (Btr) trend similarly,

having greater benefits for larger model sizes.

• Reasoning traces also allow verifiers to utilize

inference-time compute effectively.

224
3Positive modifications are applied to all incorrect codes
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Method Size Btr Per-Step-Cost ($) Aletheia-Heldout Aletheia-Strong Aletheia-Hard Aletheia-Adv Average

GRPO-Instruct

1.5B

4096 0.587 38.78± 0.85 40.51± 0.85 31.22± 0.81 30.99± 0.33 35.41± 0.71
GRPO-Think 4096 1.208 42.73± 0.64 40.70± 0.61 36.32± 0.57 31.15± 0.25 37.76± 0.52
GRPO-Think 8192 2.491 46.82± 0.62 43.65± 0.59 41.61± 0.61 38.09± 0.25 42.55± 0.52
GRPO-Think 16384 7.806 49.58± 0.65 46.09± 0.62 40.74± 0.64 40.97± 0.26 44.38± 0.54

GRPO-Instruct

7B

4096 2.069 57.74± 0.88 51.80± 0.89 38.59± 0.87 52.20± 0.37 50.07± 0.75
GRPO-Think 4096 3.561 59.54± 0.71 55.00± 0.70 46.73± 0.74 44.04± 0.30 51.32± 0.61
GRPO-Think 8192 7.179 65.03± 0.57 56.96± 0.58 53.16± 0.66 52.03± 0.26 56.76± 0.52
GRPO-Think 16384 15.101 74.81± 0.57 67.28± 0.60 53.11± 0.69 65.04± 0.26 65.05± 0.53

GRPO-Instruct

14B

4096 9.463 63.45± 0.82 55.11± 0.84 44.15± 0.84 54.24± 0.35 54.26± 0.71
GRPO-Think 4096 8.558 73.23± 0.67 64.95± 0.71 54.56± 0.77 58.09± 0.31 62.69± 0.61
GRPO-Think 8192 14.900 78.37± 0.60 69.87± 0.65 61.74± 0.73 65.71± 0.29 68.91± 0.57
GRPO-Think 16384 36.992 88.02± 0.45 83.65± 0.49 66.84± 0.70 83.67± 0.21 80.54± 0.46

Table 3: Results for ablating thinking. We report SC@1 scores and their 95% confidence interval. Thinking-style
traces have little benefit for 1.5− 7B models, but are essential for the 14B model. Increasing Btr has similar effects.

Background. Thinking traces are known to sig-225

nificantly boost their performance (Wei et al., 2022;226

Kojima et al., 2022). However, the source of these227

gains is ambiguous – with several works finding the228

lack of any causal relation between the model’s CoT229

and final answer (Turpin et al., 2023; Wang et al.,230

2025b), casting doubt on the notion that the gener-231

ated tokens allow the model to think before answer-232

ing. This behaviour is less common, but still promi-233

nent in Large Reasoning Models (LRMs) (Chua234

and Evans, 2025). This indicates that long inter-235

mediate chains do not directly influence response236

quality (Stechly et al., 2025; Kambhampati et al.,237

2025), sparking an interest in generating shorter238

intermediate tokens (Arora and Zanette, 2025; Sui239

et al., 2025). In this section, we dig deeper to quan-240

tify the impact of greater thinking in improving241

verifiers by performing a controlled ablation.242

Setup. We denote K as the number of genera-243

tions sampled at inference time, and Btr as the244

reasoning budget allowed during training (indi-245

rectly controlled by max_completion_length in246

trl.GRPOTrainer), and analyze the impact of247

varying both parameters on the final performance.248

We train four models, GRPO-Instruct with Btr =249

4096 and three GRPO-Think models with Btr ∈250

[4096, 8192, 16384]. We evaluate our models using251

self-consistency (Wang et al., 2023), and summa-252

rize our results in Table 3. Costs are calculated253

assuming $10.6 per H200-hour.4254

Findings. GRPO-Think at Btr = 16384 clearly255

outperforms all other algorithms across all model256

scales and evaluation settings, affirming the utility257

of long reasoning traces for verifier training (Chen258

et al., 2025d; Guo et al., 2025; Whitehouse et al.,259

2025). In contrast with existing work in other do-260

mains (Zhou et al., 2025), we find code verifiers261

are largely robust to changes in generator capabil-262

4
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Figure 2: Inference-time scaling for our thinking ab-
lation. Chain-of-Thought models do not benefit from
additional compute, whereas thinkingmodels see a small
upward trend across all model sizes.
ity, with a mean performance drop of 4.85%, while 263

easy-to-hard generalization is the hardest for most 264

models, with an average drop of 14.2%. This robust- 265

ness extends to policies much more capable than 266

the verifier, signaling the potential value of verifiers 267

in scalable supervision (Burns et al., 2024). 268

Small-medium models do not benefit much from 269

the style of traces, evidenced by the small gap be- 270

tween the -Instruct and -Thinkmodels atK = 1 271

and Btr = 4096. Interestingly, at the 14B scale, 272

thinking traces become vital, significantly outper- 273

forming the traditional CoT baseline even at the 274

same reasoning budget. An explanation for our find- 275

ings is that thinking traces are close to the optimal 276

prompt augmentation (Stechly et al., 2025; Kamb- 277

hampati et al., 2025) for the 14B model, but not at 278

the 1.5− 7B scale. Thus, we infer that the optimal 279

prompt augmentation is a function of model size. 280

Additionally, larger models are likely better at com- 281

positionally leveraging thinking primitives (Gandhi 282

et al., 2025) in OOD settings. 283

While doubling Btr from 4k to 8k yields reason- 284

able robustness gains for the 1.5B model, further 285

expansion to 16k results in diminishing returns. In 286

contrast, the 7–14B models continue to benefit sig- 287

nificantly from the 16k budget. It is known that 288

large models are better at utilizing their context 289

lengths (Hsieh et al., 2024; Liu et al., 2024). Thus, 290

increasing the number of tokens generated helps 291
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large models more, explaining their high scores.292

Increasing Btr also makes the models more ro-293

bust to shifts in generator capability and adversarial294

prompts. This is supported by prior work that finds295

reasoning models to be more robust to biases that296

LLMs are vulnerable to (Wang et al., 2025a).297

We study the effect of increasing inference-time298

compute in Figure 2. Chain-of-thought models299

fail to utilize the extra compute, as seen by GRPO-300

Instruct, where SC@1 ≈ SC@8. However, even301

at the same Btr, GRPO-Think sees a slight upward302

trend. This is in line with prior work that finds that303

reasoning traces allow models to utilize additional304

compute at test time (Lin et al., 2025).305

3.2 RQ2: Is on-policy learning essential for306

verifier training?307

Summary Of Findings 2
• While online training is generally more effective, its

advantage diminishes with scale.

• Batch-online methods help small models, but afford only

minor gains over offline methods with scale.

• Increasing inference-time compute always helps, but

cannot bridge the online-offline performance gap.

308

Background. On-policy learning is perhaps the309

most widely studied and the most expensive as-310

pect of RLVR training. Despite its effectiveness,311

on-policy training is very inefficient and often im-312

practical. Thus, practitioners usually resort to in-313

troducing some amount of off-policyness to in-314

crease training efficiency (Noukhovitch et al., 2025;315

Piché et al., 2025). Moreover, there is no consen-316

sus on the necessity of on-policy learning. While317

some works find it vital to success in RL algo-318

rithms (Noukhovitch et al., 2025; Tang et al., 2024;319

Yu et al., 2025a), others claim that introducing a320

certain amount of off-policyness can match or even321

outperform fully on-policy methods (Lanchantin322

et al., 2025; Chen et al., 2025a; Song et al., 2024).323

In this section, we ablate the effects of on-policy324

learning on training code verifiers.325

Setup. We study the impact of this decision326

through three representative algorithms. DPO-327

Think serves as our purely offline algorithm, and328

Batch-online GRPO represents the middle ground329

between online and offline methods, which samples330

a batch of responses and performs multiple gradient331

updates on mini-batches of the generated data. We332

detail the DPO dataset creation in Appendix B and333

present the results for this ablation in Table 4.334

Findings. GRPO yet again dominates other meth-335

ods, establishing the importance of fully on-policy336

learning in training verifiers. While the 1.5B DPO- 337

Think significantly underperforms the batch-online 338

and online models, the gap decreases with scale. 339

For medium-large models, DPO-Think matches 340

and even outperforms the other algorithms in some 341

OOD evals, indicating that a well-curated offline 342

dataset can yield impressive gains for verifier train- 343

ing. Despite requiring an offline dataset, the DPO 344

methods are significantly cheaper than both GRPO 345

methods, making them a suitable alternative at 346

larger sizes. Moreover, the DPO dataset involves 347

a non-recurring cost, in contrast to the continuous 348

computational demands of online reinforcement 349

learning. Our findings are supported by the fact that 350

offline methods are effective when high-reward re- 351

sponses are likely under the training policy (Tajwar 352

et al., 2024). The 1.5B model is highly unlikely to 353

generate a high reward response, with an average 354

SC@1 ≈ 1%, explaining DPO-Think’s poor perfor- 355

mance. The 7 − 14B models have higher scores 356

before training, and thus offline methods work well. 357

Batch-online GRPO fails to match GRPO, even
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Figure 3: Inference-time scaling plots for ablating
on-policy learning. Scaling inference-time compute
benefits all models, but cannot fully replace the gains
from on-policy learning.

358underperforming DPO-Think in some OOD eval- 359

uation settings at larger sizes, and provides only 360

a marginal cost saving compared to online GRPO. 361

This contradicts the findings of Lanchantin et al. 362

(2025), who found that batch-online training can 363

even outperform fully online methods in verifiable 364

math-based tasks. We explain this difference by 365

the fact that they use Llama-3.1-8B-Instruct, 366

which does not generate long reasoning chains (no 367

Thinking), and is thus not directly comparable to 368

ourmodels. They also use the original GRPO recipe 369

by Shao et al. (2024) with little modifications, while 370

we incorporate improvements to the GRPO recipe, 371

as detailed in Appendix B. 372

Scaling inference compute benefits all methods 373

and model sizes, as seen in Figure 3. Notably, the 374

offline-online gap decreases at larger inference bud- 375

gets, especially for the 1.5B model. While DPO- 376
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Method Size Per-Step-Cost ($) Aletheia-Heldout Aletheia-Strong Aletheia-Hard Aletheia-Adv Average

DPO-Think

1.5B

5.951∗ 21.70± 0.39 19.90± 0.35 23.41± 0.38 19.37± 0.15 21.11± 0.31
Batch-online GRPO 4.322 43.13± 0.55 39.89± 0.52 39.26± 0.54 33.83± 0.22 38.99± 0.46
GRPO-Think 7.806 49.58± 0.65 46.09± 0.62 40.74± 0.64 40.97± 0.26 44.38± 0.54

DPO-Think

7B

6.403∗ 63.75± 0.57 55.54± 0.57 51.20± 0.62 52.94± 0.25 55.88± 0.50
Batch-online GRPO 9.588 64.71± 0.61 56.18± 0.61 52.08± 0.66 49.35± 0.27 55.46± 0.54
GRPO-Think 15.101 74.81± 0.57 67.28± 0.60 53.11± 0.69 65.04± 0.26 65.05± 0.53

DPO-Think
14B

7.087∗ 82.56± 0.52 74.39± 0.58 67.58± 0.68 71.06± 0.26 73.89± 0.51
Batch-online GRPO 31.144 83.82± 0.50 76.33± 0.56 67.34± 0.68 73.45± 0.25 75.29± 0.50
GRPO-Think 36.992 88.02± 0.45 83.65± 0.49 66.84± 0.70 83.67± 0.21 80.54± 0.46

Table 4: Results for ablating on-policy learning. We report the SC@1 scores along with their 95% confidence
interval. The gap between offline and online methods diminishes with scale. Batch-online methods can help the
smallest models, but don’t have an advantage for larger sizes. ∗DPO includes the cost for creating the offline dataset.

Think demonstrates consistent performance gains377

when scaling from K = 1 to K = 8, it fails to378

achieve parity with fully online GRPO. Thus, DPO-379

Think cannot be used as a lossless substitute for380

GRPO even at high inference budgets.381

3.3 RQ3: Do negative samples benefit verifiers?382

Summary Of Findings 3
• Learning from negative samples is equally beneficial

across all model sizes and evaluation scenarios.

• Learning from only positive feedback is unstable;

methods like RAFT underperform in OOD scenarios.

• Scaling inference compute cannot make up for the

benefits of training on negative samples.

383

Background. Learning from negative samples384

is a characteristic of RL algorithms, as well as of385

contrastive learning methods like DPO (Rafailov386

et al., 2023), which optimize the RL objective di-387

rectly. However, DPO suffers from the risk of re-388

ward over-optimization (Gao et al., 2023). Xu et al.389

(2024) find that even iterative DPO fails to beat the390

SFT baseline. Moreover, the importance of nega-391

tive samples during training remains unclear. Arnal392

et al. (2025) find that learning successes are more393

important than learning from failures in an offline394

setup, while Zhu et al. (2025) find that negative395

reinforcement is much more important, even out-396

performing full training in some scenarios. Xiong397

et al. (2025) find that learning only from positives398

comes with a minor performance drop, and certain399

negative signals can even be detrimental. In this400

section, we quantify the effect of using negative401

samples for training verifiers.402

Setup. We compare GRPO to a version of403

RAFT (Dong et al., 2023), modified to use veri-404

fiable rewards. RAFT works similarly to GRPO,405

where we sample and score N generations from406

an updated policy, but only trains on the correct407

responses using the next token prediction objective.408

We summarize our results in Table 5.409

Findings. GRPO clearly outperforms RAFT410

across all model sizes and OOD scenarios, high-411
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or

e (
SC

@
K)

Size: 1.5B

1 2 4 8
Samples (K)

Size: 7B

1 2 4 8
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RAFT GRPO-Think

Figure 4: Inference-time scaling plots for ablating
negative samples. The gap between RAFT and GRPO
reduces with scaling compute, but persists.
lighting the importance of negative samples to 412

training successful verifiers. Critically, the gap 413

is constant across all model sizes, unlike in On- 414

line and Thinking, which are more important for 415

small and large models, respectively (as described 416

earlier). We plot the inference scaling trends in 417

Figure 4. Similar to the other axes, increasing K 418

does increase performance for all models. However, 419

GRPO’s single sample performance is still greater 420

than RAFT’s SC@8, proving that inference compute 421

cannot make up for the lack of negative samples. 422
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Figure 5: Reward curves over training for RAFT and
GRPO, respectively. Training without negative samples
becomes increasingly unstable with scale.

While the reward increases consistently for small 423

models, RAFT significantly degrades due to overfit- 424

ting for larger models, as seen in the reward curves 425

for GRPO and RAFT in Figure 5. However, GRPO 426

continues to improve even at the 14B scale, further 427

emphasizing the importance of negative samples 428

on stabilizing training. Despite RAFT offering up 429

to 3× reduction in the cost per step, these savings 430

do not justify the degradation for large models. 431
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Method Size Per-Step-Cost ($) Aletheia-Heldout Aletheia-Strong Aletheia-Hard Aletheia-Adv Average

RAFT
1.5B 4.167 34.76± 0.48 31.88± 0.44 33.67± 0.46 29.12± 0.19 32.30± 0.39

GRPO-Think 7.806 49.58± 0.65 46.09± 0.62 40.74± 0.64 40.97± 0.26 44.38± 0.54

RAFT
7B 6.948 60.86± 0.59 52.00± 0.58 48.84± 0.63 49.24± 0.25 52.72± 0.51

GRPO-Think 15.101 74.81± 0.57 67.28± 0.60 53.11± 0.69 65.04± 0.26 65.05± 0.53

RAFT
14B 12.906 75.55± 0.56 66.02± 0.61 65.23± 0.65 62.03± 0.27 67.20± 0.52

GRPO-Think 36.992 88.02± 0.45 83.65± 0.49 66.84± 0.70 83.67± 0.21 80.54± 0.46

Table 5: Results for ablating negatives. We report the SC@1 scores along with their 95% confidence interval.
Negative samples have an equal benefit for all model sizes.

4 Discussion and Takeaways432

Having established the critical roles of the Think-433

ing, Negatives, and Online axes in Section 3, and434

demonstrated GRPO’s advantages over incomplete435

alternatives, we now translate these findings into436

actionable insights. This section provides action-437

able insights for practitioners optimizing verifier438

training during post-training.439
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Figure 6: Ablation of GRPO axes across model sizes.
While removing any axis reduces accuracy, the bottle-
neck shifts with scale. Online learning is crucial for
small models (1.5B), whereas Thinking becomes the
dominant factor for performance at larger scales (14B).

RLVR is the best method to train verifiers. Fig-440

ure 6 shows that GRPO consistently matches or441

outperforms all ablated algorithms irrespective of442

model size and evaluation setting. This confirms443

that the three axes we study are not merely addi-444

tive but synergistic, because removing any single445

component results in an inferior verifier. Moreover,446

GRPO performance increases linearly with model447

size in the Easy-to-Hard setting, suggesting that448

further scaling would yield significant gains. In449

other evaluations, the 14Bmodel achieves over 80%450

accuracy, and further scaling would likely yield di-451

minishing returns for a significant cost overhead.452

Thinking is critical for Easy-to-Hard general-453

ization. The incorrect codes in Aletheia-Hard454

pass 70−90% of all test cases, compared to< 50%455

in the training data and other evaluation settings. 456

This results in a greater similarity between the in- 457

dividual codes, as shown in Table 6, and thus in- 458

creases the difficulty of comparison. Expectedly, 459

there is a marked decrease in the performance of 460

all algorithms in the Aletheia-Hard evaluations. 461

Thinking traces become the most critical aspect of 462

GRPO in this evaluation, with GRPO-Instruct be- 463

ing significantly worse than the other methods in 464

the 7 − 14B range. Thus, DPO-Think and RAFT 465

are both suitable alternatives to GRPO for practi- 466

tioners who expect their verifiers to encounter more 467

difficult data than their training set. 468

On-policy learning is critical for small mod- 469

els, while thinking traces become important for 470

large models. As seen in Figure 6, switching to a 471

fully off-policy setup is catastrophic for the 1.5B 472

model, with performance dropping an average of 473

23.4% across all evaluation settings. However, the 474

7 − 14B models are surprisingly robust to offline 475

data, even matching GRPO’s performance in the 476

Easy-to-Hard setting. The “No Thinking” abla- 477

tion reveals another striking trend regarding model 478

scale. At small scales (1.5B), the lack of think- 479

ing is the least critical, as its performance is the 480

closest to that of the full GRPO algorithm. How- 481

ever, for the 14Bmodel, the gap widens drastically – 482

with GRPO-Instruct not improving from its 7B vari- 483

ant. This indicates that vanilla Chain-of-Thought 484

prompting is unable to utilize the model’s capacity 485

beyond a certain point (around 7− 8B parameters), 486

and thinking traces are required for further perfor- 487

mance improvement. Practitioners training small 488

verifiers may choose to eliminate thinking traces for 489

faster training speeds and switch to offline learning 490

for larger model sizes. 491

Learning exclusively from positive samples is 492

consistently mediocre. While learning from nega- 493

tives is not the most crucial aspect in any scenario, 494

it is also not trivial and leads to significant gains 495

across all model sizes and evaluations. This con- 496

firms the fact that learning from negative samples 497

consistently increases performance across the scal- 498

ing spectrum (Xiong et al., 2025; Zhu et al., 2025). 499
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Scaling inference compute has little effect on500

verifier performance. The paradigm shift from501

discriminative Bradley-Terry reward models to gen-502

erative verifiers is primarily driven by the potential503

to leverage test-time compute scaling. However,504

our experiments demonstrate that such scaling of-505

fers marginal performance gains and cannot serve506

as a drop-in replacement for fundamental improve-507

ments, such as increasing model size or utilizing508

advanced training algorithms like GRPO. We find509

that inference-time scaling primarily benefits mod-510

els with a low base SC@1; while increased com-511

pute reduces the performance gap relative to GRPO-512

trained baselines, it fails to bridge it fully.513

5 Related Work514

We briefly elaborate on the three most relevant lines515

of existing work: (1) RLVR for verifier models, (2)516

surrogate code execution verifiers, and (3) prior517

analyses of RL in LLMs.518

RLVR for LLM verifiers. Recent literature has519

significantly expanded verifier training by fram-520

ing reward modeling as a verifiable re-ranking rea-521

soning task (Whitehouse et al., 2025; Chen et al.,522

2025c; Huang et al., 2025). Such models have523

demonstrated state-of-the-art performance on pop-524

ular reward model benchmarks and have been inte-525

grated into the production post-training pipelines of526

several modern LLMs (Chen et al., 2025b; Du et al.,527

2025; NVIDIA, 2025). Despite empirical gains,528

the optimal configuration for training such mod-529

els remains under-explored. In this work, we un-530

cover compute-optimal strategies for verifier train-531

ing across three disparate model sizes by ablating532

three core components of the RLVR recipe.533

Surrogate code execution. LLMs as surrogate534

code executors have taken several forms, includ-535

ing regression-based scoring models (Inala et al.,536

2022; Zhang et al., 2023b; Shi et al., 2022), nat-537

ural language self-critique (Zhang et al., 2023a),538

and reasoning about compiler feedback (Chen et al.,539

2024). Alternatively, prior work has sought to train540

LLMswith execution semantics to directly (Ni et al.,541

2024) or indirectly (Copet et al., 2025; Ruan et al.,542

2025) improve their ability to abstractly reason543

about code execution. Beyond the file level, prior544

work has sought to reason about repository-level545

test-suite execution outcomes for software engineer-546

ing tasks (Shum et al., 2025; Pan et al., 2025a). In547

this work, we hypothesize that the RLVR paradigm548

allows the training of robust code verifiers that can549

scalably supervise much larger policy models. 550

Prior analyses of RLVR in LLM training. 551

Given the compute-intensive and inefficient nature 552

of modern RL training (Noukhovitch et al., 2025; 553

Piché et al., 2025), significant effort has been di- 554

rected toward simplifying the RL objective (Dong 555

et al., 2023; Rafailov et al., 2023; Agarwal et al., 556

2024; Hu et al., 2025). Our work complements 557

these efforts by stripping down the core compo- 558

nents of RLVR to identify avenues to make training 559

verifiers more cost-effective. 560

It is unclear how important RLVR is to training 561

successful code verifiers. The contribution of rea- 562

soning traces is debatable; while reasoning LLMs 563

achieve benchmark-topping performance, Stechly 564

et al. (2025); Kambhampati et al. (2025) demon- 565

strate only a weak correlation between the cor- 566

rectness of intermediate traces and final answers, 567

suggesting these gains may stem from alternative 568

sources. Further decomposing the training sig- 569

nal, Xiong et al. (2025); Zhu et al. (2025) high- 570

light the critical importance of negative samples in 571

algorithms like GRPO, while Tajwar et al. (2024) 572

delineate specific cases where on-policy learning is 573

needed versus where off-policy samples suffice. De- 574

spite these insights, the field lacks a holistic assess- 575

ment of how these components interact – leaving a 576

critical gap in our understanding of what actually 577

drives performance in RLVR training. 578

6 Conclusion 579

In this paper, we present an analysis of three dif- 580

ferent components of the RLVR recipe for verifier 581

training and their contributions to its success – (1) 582

generating long intermediate “thinking” traces, (2) 583

learning from negative as well as positive samples, 584

and (3) on-policy learning. We curate datasets to 585

isolate the effects of training with the methods in 586

our study, and evaluate the resulting verifiers on 587

three out-of-distribution settings to ensure robust- 588

ness. We find that GRPO is the most effective 589

method for training verifiers across all model sizes, 590

while the factors behind its success vary signifi- 591

cantly. Smaller verifiers benefit the most from on- 592

policy training, while larger models require think- 593

ing traces to reach their full potential. Future work 594

can leverage our findings to judiciously allocate re- 595

sources and reduce costs while training verifiers 596

during post-training, depending on the size of their 597

verifier, computation budget, target task distribu- 598

tion, and other relevant factors. 599
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Limitations600

Other RL algorithms and alternatives. Al-601

though we attempted to holistically and experimen-602

tally verify our RL training recipe, which we com-603

pare against other approaches, we stick with GRPO604

as it is most commonly used. Moreover, we repre-605

sent each ablated axis with a single algorithm due to606

compute budget constraints, which adds some vari-607

ance to our observations. Future work can build608

on and validate our findings by evaluating other609

RL algorithms like RLOO (Ahmadian et al., 2024)610

and REINFORCE++ (Hu et al., 2025), and also611

RL-inspired algorithms like ReSTEM (Singh et al.,612

2023), Iterative DPO (Xu et al., 2023; Xiong et al.,613

2024), NSR (Zhu et al., 2025), etc.614

Differences in verifier training Our primary615

goal in this paper was to analyze the components616

of the RLVR recipe, rather than to train the best617

verifiers. As a result, the dataset we use to train618

our verifiers contains only easy comparisons from619

weak generators, which allowed us to systemati-620

cally test the robustness of each algorithm to shifts621

in difficulty and generator capability. However, per-622

formance on this dataset saturates easily, especially623

at larger sizes (14B). We suggest that practitioners624

create their training dataset differently – to contain625

a mixture of all the evaluation scenarios that they626

anticipate encountering – to ensure strong perfor-627

mance as well as OOD robustness.628

Restricted to coding problems Our work fo-629

cuses on verifiers within the domain of competitive630

programming, a niche that remains relatively under-631

explored compared to standard reward modeling.632

Code contests offer a unique advantage for our re-633

search: they provide a high-precision mechanism634

for controlling comparison difficulty through gran-635

ular testcase pass rates. Unlike task complexity –636

which measures the inherent difficulty of a prob-637

lem – comparison difficulty quantifies the margin638

of error between solution attempts, allowing for a639

meticulous curation of candidates during training.640

While constructing a controlled testbed such as641

ours in other domains remains non-trivial due to642

the absence of objective, fine-grained scoring, our643

findings remain broadly applicable. Our frame-644

work intentionally avoids code-specific heuristics or645

domain-dependent rewards; instead, it treats code646

execution purely as a high-fidelity ground truth. In-647

stead, our reward function is a simple binary sig-648

nal based on the verifier’s ability to output a token649

corresponding to the correct candidate. Thus, our 650

findings are relevant to practitioners from all do- 651

mains, and future work can focus on validating our 652

findings in other domains of verifier training. 653

Ethical Considerations 654

Although we focus on validating the robustness of 655

our verifiers in several out-of-distribution scenar- 656

ios, including code snippets generated by a potential 657

adversary, we do not cover the full space of possi- 658

ble codes in our training or evaluation. Thus, it is 659

possible our verifiers are susceptible to reward hack- 660

ing – incorrectly assigning high scores to incorrect 661

and potentially harmful responses. We take steps 662

to mitigate these risks by thoroughly documenting 663

our entire workflow. We also plan on making our 664

datasets, codes, and models open-source under the 665

CC BY-NC-SA 4.0 License Creative-CommonsCreative-Commons-ByCreative-Commons-NcCreative-Commons-Sa. 666
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Name #Instances #Questions Avg. Sim.

Train 50000 1247 0.896
Heldout 3000 456 0.893
Strong 3000 1051 0.898
Hard 3000 137 0.931
Adv 18000 456 0.882

Table 6: Dataset statistics.

We present the detailed dataset statistics in Ta-1250

ble 6. We represent each code using Qwen3-1251

Embedding-8B because it achieves state-of-the-1252

art results on MTEB (Muennighoff et al., 2023;1253

Enevoldsen et al., 2025). The codes in Aletheia-1254

Hard stand out from other datasets, having a much1255

higher average similarity, which is anticipated be-1256

cause the incorrect codes also pass 70− 90% test1257

cases. This explains why the scores for all models1258

in the easy-to-hard setting are significantly lower.1259

B Additional Experiment Details 1260

We use the implementation provided by Xiong 1261

et al. (2025) for RAFT and the trl library5 for 1262

GRPO and DPO-Think. All training runs are con- 1263

ducted on a cluster of 8 NVIDIA H200 GPUs. To 1264

optimize memory usage, we employ Deepspeed 1265

ZeRO Stage-2 (Rasley et al., 2020) to shard activa- 1266

tions and optimizer states across devices, and Flash- 1267

Attention 3 (Shah et al., 2024) to accelerate training. 1268

In all our training runs, we use the AdamW opti- 1269

mizer (Loshchilov and Hutter, 2019) with default 1270

parameters and a constant learning rate scheduler 1271

with 5% warmup steps, and train with an effective 1272

batch size of 64 for exactly 781 gradient steps to 1273

ensure a fair comparison. 1274

Our GRPO implementation deviates significantly 1275

from the original (DeepSeek-AI, 2025) to incor- 1276

porate future refinements to the recipe. We use 1277

the DAPO loss (Yu et al., 2025b) and Truncated 1278

Importance Sampling (Yao et al., 2025) with the 1279

truncation threshold set to 2.0. Although recent 1280

works have chosen to eliminate the KL coefficient, 1281

we set it to β = 1e-3 because our base models 1282

are already fine-tuned to generate long reasoning 1283

traces. We synchronize the reference model ev- 1284

ery 100 steps (Gorbatovski et al., 2024; Liu et al., 1285

2025a). We use a learning rate of 1e-6 and normal- 1286

ize by the standard deviation within each group. We 1287

note that while Liu et al. (2025c) suggests batch- 1288

level normalization for base models, their results 1289

indicate poor performance for aligned models, such 1290

as those used in this study. We generate a batch of 1291

64 prompts and perform a single gradient update 1292

per batch, with εlow = 0.2 and εhigh = 0.28. To en- 1293

courage the model staying within budget, we use a 1294

soft overlong punishment reward (Yu et al., 2025b). 1295

For batch-online GRPO, we use a generation 1296

batch of 256 prompts, performing 4 gradient up- 1297

dates per batch with εlow = 3e-4, εhigh = 4e-4 and 1298

sequence-level importance sampling (Zheng et al., 1299

2025). All other details are the same as the online 1300

GRPO variant. 1301

Following Lambert et al. (2024), we train DPO 1302

with a learning rate of 5e-7, KL penalty β = 1303

0.1, and an effective training batch size of 64. 1304

To reduce memory overhead, we precompute log- 1305

probabilities, eliminating the need to load the refer- 1306

ence model during training. To train a DPO model, 1307

we also need an offline dataset of preferred and 1308

dispreferred generations. To this end, we sample 1309

5
https://github.com/huggingface/trl
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100 outputs for each prompt in Aletheia-Train1310

using Deepseek-R1-Distill-Qwen-[1.5-32]B,1311

and score them with our verifiable reward func-1312

tion. For prompts with no correct answers, we use1313

Deepseek-R1.1314

While prior work finds the quality of chosen re-1315

sponses to be more important (Pan et al., 2025b),1316

we hypothesize that the reverse is true in a verifiable1317

setting, where the quality of the “chosen” sample1318

is fixed (correct), but the rejected quality can vary.1319

Moreover, DPO is known to be sensitive to OOD1320

shifts (Xu et al., 2024). Thus, we distribute the in-1321

correct responses evenly between those generated1322

by the 1.5–14B models. This also ensures that the1323

negative samples for DPO come from generations1324

similar to on-policy sampling. Our hypothesis is1325

validated by the strong performance of our DPO1326

models, even rivalling the fully online GRPO at1327

larger sizes.1328

RAFT is trained with a learning rate of 2e-6 and1329

an effective batch size of 64. Consistent with Dong1330

et al. (2023); Xiong et al. (2025), no KL penalty1331

is applied. In preliminary runs, we found that fine-1332

tuning on the entire batch of correct responses leads1333

to overfitting, especially in large models that gen-1334

erate a high proportion of correct responses. We1335

mitigate this effect by fine-tuning on a maximum1336

of 5 correct responses per group.1337

C Alternate Reward Formulations1338

Shaping the reward during RL training is a crucial1339

decision, and numerous proposals for optimal re-1340

ward functions have been made in prior work. We1341

experiment with four reward formulations at 7B1342

model scale and pick the best-performing one for1343

our final training runs. The rewards used are as1344

follows:1345

• Pairwise Exact Match (PairEM). The simplest1346

formulation - Given two candidates, we prompt1347

the verifier to indicate its preference with a single1348

token (A or B) within boxed{}.1349

• Pairwise Scores (PairSc). This reward is taken1350

from the JudgeLRM paper (Gandhi et al., 2025).1351

The verifier outputs scores on a scale of 0−10 for1352

both candidate codes, and the reward is shaped1353

based on accuracy, confidence, and format.1354

• Listwise Exact Match (ListEM). A modified1355

version of PairEM with between two and five1356

candidates1357

• Listwise Scores (ListSc). The verifier outputs1358

scores out of 10 for each candidate, similar to1359

PairSc. If the correct code is assigned the highest 1360

score, we assign a reward of +1, and award a 1361

bonus of +1 if this score is 10 1362

Both listwise rewards are loosely based on 1363

DeepSeek-GRM (Liu et al., 2025d), adopted to our 1364

setting. For PairSc and ListSc, we use the pass rate 1365

of both codes as an indication of their quality. Since 1366

one of the codes is always correct, one of the scores 1367

outputted by the model should always be 10. We 1368

train these models using GRPO in the same man- 1369

ner as described in the main paper, and present the 1370

results in Table 7. We find that relatively simple 1371

ListEM works best, followed by PairSc.

Reward Accuracy

PairEM 77.19
PairSc 78.24
ListEM 80.02
ListSc 77.36

Table 7: Accuracy for alternate reward formulations.
All results are from training the 7B model for an equal
number of gradient updates using GRPO. For a fair com-
parison, we evaluate on pairs of codes, which explains
the higher absolute values as compared to Section 3.

1372

D Modifications for Aletheia-Adv 1373

Name 7B 14B 32B Avg.

Positive Biases

Authority Bias 0.56 0.67 0.67 0.64
Egocentric bias 0.52 0.49 0.54 0.52
External Reference 0.58 0.78 0.85 0.73
Bandwagon Effect 0.51 0.55 0.55 0.54
Illusory Complexity 0.40 0.44 0.49 0.44
Self-declared correctness 0.64 0.77 0.75 0.72

Negative Biases

Minification 0.50 0.52 0.50 0.51
Misleading Comments 0.53 0.76 0.82 0.71
Renaming Identifiers 0.54 0.60 0.54 0.56
Reverse Authority Bias 0.53 0.71 0.65 0.63
Reverse Bandwagon Effect 0.44 0.60 0.56 0.53
Self-declared incorrectness 0.60 0.81 0.86 0.76

Table 8: Modifications considered to construct
Aletheia-Adv. We report the Mean Influence Rate
(MIR) for the 7–32B models, along with the average.
Positive modifications are applied to the incorrect code,
whereas negative ones are applied to the correct one.
The top six modifications are highlighted.

For the creation of Aletheia-Adv, we experi- 1374

ment with several biasing factors based on prior 1375

work (Moon et al., 2025; Lam et al., 2025; Hwang 1376

et al., 2025; Bharadwaj et al., 2025; Wang et al., 1377

2025a) as follows: 1378

• (Reverse) Authority Bias. Prepends a comment 1379

that the code was written by an experienced (ju- 1380

nior) developer. 1381
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• (Reverse) Bandwagon Effect. Indicates that a1382

majority (minority) of developers prefer the en-1383

suing code.1384

• Egocentric Bias. Indicates that an incorrect code1385

was written by the evaluator.1386

• External Reference. Claims to be the reference1387

solution on the competition’s website.1388

• Illusory complexity. Add garbage or unreach-1389

able code to the existing code snippet, which may1390

elicit length biases in the evaluator (Zheng et al.,1391

2023).1392

• Minification. We use a rule-based minifier1393

for C++ and Java, and python-minifier6 for1394

Python codes.1395

• Misleading comments. Adds misleading com-1396

ments indicating the code makes an error.1397

• Renaming identifiers. We use the obfuscator1398

provided by Paul et al. (2025) to obscure all vari-1399

able, class, and function names.1400

• Self-Declared (In)correctness. Simply states1401

that the code is (in)correct.1402

To analyze the vulnerability of the base models to1403

these factors, we prompt Deepseek-R1-Distill-1404

Qwen2.5 7 − 32B on the original and perturbed1405

versions of the same prompt, and measure how of-1406

ten the evaluator switches its answer.1407

We conduct evaluations in a pairwise setting. To1408

isolate the effects of the biasing factors from posi-1409

tion bias (Zheng et al., 2023), we report the Bias1410

Influence Ratio (BIR), as the ratio between the num-1411

ber of times the LLM responds with the incorrect1412

answer to the total number of switches. BIR close1413

to 0 indicates an unbiased verifier, while easily bi-1414

ased LLMs would have BIRs close to 1. A BIR1415

close to 0.5 indicates random switching, probably1416

caused by position bias in the LLM. The results are1417

as shown in Table 8.1418

Overall, we verify that LRMs are more robust to1419

common biases that are prevalent in LLMs, as ob-1420

served in prior work (Wang et al., 2025a). However,1421

they are not completely unbiased, and we select the1422

top six most misleading modifications to further1423

use in our analysis of adversarial robustness in the1424

main paper (Section 3).1425

6
https://github.com/dflook/python-minifier

E Prompt Templates 1426

Python code generation prompt

You are an expert Python programmer. You will be given a
question (problem specification) and will generate a correct
Python program that matches the specification and passes
all tests. Read the inputs from STDIN solve the problem
and write the answer to STDOUT (do not directly test on
the sample inputs). Enclose your code within a Python
markdown block. Ensure that when the python program
runs, it reads the inputs, runs the algorithm and writes
output to STDOUT.

1427

C++ code generation prompt

You are an expert C++ programmer. You will be given a
question (problem specification) and will generate a correct
C++ program with a main function that matches the speci-
fication and passes all tests. Read the inputs from STDIN
solve the problem and write the answer to STDOUT (do
not directly test on the sample inputs). Enclose your code
within a C++ markdown block. Ensure that when the C++
program runs, it reads the inputs, runs the algorithm and
writes output to STDOUT.

1428

Java code generation prompt

You are an expert Java programmer. You will be given a
question (problem specification) and will generate a cor-
rect Java program with with a public class named Main
that matches the specification and passes all tests. Your
class should include a public static void main(String[] args)
method. Read the inputs from System.in solve the problem
and write the answer to System.out (do not directly test
on the sample inputs). Enclose your code within a Java
markdown block. Ensure that when the Java program runs,
it reads the inputs, runs the algorithm and writes output to
System.out.

1429

Default training prompt

You are an expert judge of coding problems. Given a cod-
ing problem and multiple candidate solutions, your task
is to evaluate the correctness of each solution based on
the problem description. Your evaluation should solely
be based on the functional correctness of the codes. It is
guaranteed that one and only one of the candidates is com-
pletely correct. Here is the coding question followed by
the candidate solutions:
[QUESTION]
{question}
[QUESTION]

[CANDIDATE_A]
{code_A}
[CANDIDATE_A]

[CANDIDATE_B] ...
You are to indicate your choice of candidate only by re-
sponding with one of the following options: {valid_op-
tions}. Enclose your final answer in the format
boxed{X}, where X is your chosen option among the can-
didates. Do not provide any explanations or additional
text. Your response should be exactly one of the options
enclosed within
boxed{}, without any extra characters or spaces. Anything
else will be considered invalid.

1430
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GRPO-Instruct training prompt

You are an expert judge of coding problems. Given a
coding problem and multiple candidate solutions, your
task is to evaluate the correctness of each solution based
on the problem description. Your evaluation should solely
be based on the functional correctness of the codes. It
is guaranteed that one and only one of the candidates is
completely correct. You are to indicate your choice of
candidate only by responding with one of the following
options: {valid_options}. Your response should be in the
following format:
Analysis: <Your step-by-step reasoning here>
Final Answer:
boxed{X}, where X is your chosen option among the
candidates.

Here is the coding question followed by the candi-
date solutions:
[QUESTION]
{question}
[QUESTION]

[CANDIDATE_A]
{code_A}
[CANDIDATE_A]

[CANDIDATE_B] ...
Your response should be exactly in the specified format,
without any extra characters or spaces. Anything else will
be considered invalid.

1431

ListSc and PairSc training prompt

You are an expert judge of coding problems. Given a cod-
ing problem and two candidate solutions, your task is to
evaluate the correctness of each solution based on the prob-
lem description. Your evaluation should solely be based
on the functional correctness of the codes. It is guaranteed
that one and only one of the candidates is completely cor-
rect. Here is the coding question followed by the candidate
solutions:
[QUESTION]
{question}
[QUESTION]

[CANDIDATE_A]
{code_A}
[CANDIDATE_A]

[CANDIDATE_B] ...
You are to assign a score between 0 and 10 to EACH
candidate, with 10 indicating a perfect solution that passes
all test cases, 5 indicating a solution that would pass some
test cases but not all, and 0 indicating a solution that fails
all test cases. Output your final answer in the format
boxed{^[<score_candidate_A>,<score_candid

-ate_B>, <score_candidate_C>, ^^...]} depending
on the number of candidates. Do not provide any
explanations or additional text. Your response should
be a list of numbers between 0 and 10, enclosed within
boxed{}, without any extra characters or spaces. Anything
else will be considered invalid.

1432
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