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Abstract001

While model-based verifiers are essential for002
scaling Reinforcement Learning with Verifi-003
able Rewards (RLVR), current outcome-centric004
verification paradigms primarily focus on the005
consistency between the final result and the006
ground truth, often neglecting potential errors007
in the derivation process. This leads to assign-008
ing positive rewards to correct answers pro-009
duced from incorrect derivations. To bridge010
this gap, we introduce PRIME, a benchmark011
for evaluating verifiers on PRocess-outcome012
alignment verification In Mathematics and013
Engineering. Curated from a comprehensive014
collection of college-level STEM problems,015
PRIME comprises 2,530 high-difficulty samples016
through a consistency-based filtering pipeline.017
Through extensive evaluation, we find that cur-018
rent verifiers frequently fail to detect deriva-019
tion flaws. Furthermore, we propose a process-020
aware RLVR training paradigm utilizing veri-021
fiers selected via PRIME. This approach sub-022
stantially outperforms the outcome-only ver-023
ification baseline, achieving absolute perfor-024
mance gains of 8.29%, 9.12%, and 7.31%025
on AIME24, AIME25, and Beyond-AIME, re-026
spectively, for the Qwen3-14B-Base model.027
Finally, we demonstrate a strong linear cor-028
relation (R2 > 0.92) between verifier accu-029
racy on PRIME and RLVR training effective-030
ness, validating PRIME as a reliable predictor031
for verifier selection. We release the bench-032
mark and code at https://anonymous.4open.033
science/r/7E7D/.034

1 Introduction035

Reinforcement learning with verifiable reward036

(RLVR) has proven highly effective for Large Rea-037

soning Models (LRMs) in STEM domains (Shao038

et al., 2024; Guo et al., 2025). Given that rule-based039

verification frameworks, exemplified by Math-040

Verify1, often struggle with flexible output for-041

mats (Wang et al., 2024a), the field has transitioned042

1https://github.com/huggingface/Math-Verify
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Figure 1: An illustration of a “lucky guess” where
the model arrives at the correct answer via an incorrect
derivation. While an outcome-only verifier erroneously
accepts this false positive due to the correct final answer,
a process-aware verifier detects the logical inconsistency
and correctly penalizes the invalid derivation.

toward model-based verifiers to provide more ro- 043

bust reward signals (Liu et al., 2025a; Team et al., 044

2025; Liu et al., 2025b). However, it has become 045

increasingly evident that the efficacy of RLVR is 046

strictly bounded by the verifier’s own capability, 047

as variability in verification precision directly dic- 048

tates the quality of the training outcome (Mahan 049

et al., 2024; Zhang et al., 2025). In response to 050

this dependency, recent research has concentrated 051

on rigorously benchmarking and optimizing ver- 052

ifier performance. Benchmarks such as Verifier- 053

Bench (Liu et al., 2025b) and VAR (Chen et al., 054

2025) have been established to evaluate judgment 055

reliability, guiding the development of specialized 056

methods (Zheng et al., 2025; Feng et al., 2025) 057

aimed at empowering precise verification across 058

complex STEM tasks. 059

However, current verification benchmarks pri- 060

marily focus on outcome correctness while neglect- 061
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ing the derivation process. As illustrated in Fig-062

ure 1, this outcome-only approach erroneously val-063

idates “lucky guesses,” where the model arrives064

at the correct answer through incorrect derivation.065

To quantify this, we collect 2,500 STEM prompts066

and generate multiple responses using diverse open-067

source and closed-source models. Through rigor-068

ous human annotation, we identify that 16.98% of069

the responses exhibit such “lucky guesses,” where070

the outcome is correct, but the derivation is flawed.071

Given this high frequency, verifiers guided by exist-072

ing outcome-level verification benchmarks provide073

inaccurate rewards that reinforce flawed derivation,074

potentially limiting the performance of RLVR train-075

ing.076

To bridge this gap, we introduce PRIME, a077

benchmark for PRocess–outcome alignment verifi-078

cation In Mathematics and Engineering domains.079

Unlike evaluations limited solely to the outcome080

level, PRIME assesses verifiers’ capability to de-081

tect both outcome accuracy and process-outcome082

logical consistency. To ensure the benchmark’s083

reliability, we first collect a large pool of college-084

level STEM questions and apply model-based filter-085

ing to retain only verifiable problems with reliable086

reference answers. Second, we generate multiple087

solution trajectories for each retained problem us-088

ing a diverse set of open source and commercial089

LRMs to cover a broad range of reasoning behav-090

iors. Third, we perform difficulty-oriented selec-091

tion to prioritize cases that are hard to verify. Fi-092

nally, to guarantee the reliability of the dataset, we093

employ 18 domain experts to rigorously annotate094

each sample for both process-outcome consistency095

and outcome-ground truth alignment. The resulting096

benchmark comprises approximately 2,530 anno-097

tated instances, spanning 16 major STEM cate-098

gories with fine-grained coverage across 480 sub-099

disciplines.100

In summary, our main contributions are three-101

fold:102

• We introduce PRIME, a high-quality bench-103

mark specifically designed to evaluate process-104

outcome alignment in Mathematics and Engi-105

neering. Comprising 2,530 expert-annotated106

samples, it effectively detects spurious correct-107

ness and fills the gap in existing benchmarks108

that neglect derivation correctness.109

• We propose a process-aware RLVR training110

paradigm where employing a process-aware111

verifier grants rewards only when the LRM’s112

final answer matches the ground truth and the 113

derivation maintains logical consistency with 114

its outcome. Compared to the outcome-only 115

verifier, our approach achieves substantial per- 116

formance gains, with absolute improvements 117

of 8.29%, 9.12%, and 7.31% on AIME24, 118

AIME25, and Beyond-AIME, respectively, on 119

Qwen3-14B-Base model. 120

• We demonstrate a strong linear correlation 121

(with R2 > 0.92) between a verifier’s accu- 122

racy on PRIME and the resulting performance 123

improvement in RLVR training. This vali- 124

dates PRIME as a reliable predictor for assess- 125

ing and selecting effective verifiers for LRMs 126

training. 127

2 Related Works 128

2.1 Large Reasoning Models 129

Recent advancements in Large Reasoning Mod- 130

els (LRMs) have prioritized structured, multi- 131

step problem-solving, driven by chain-of-thought 132

prompting (Wei et al., 2022) and RLVR (Guo et al., 133

2025; Yang et al., 2024). However, current RLVR 134

paradigms predominantly rely on outcome correct- 135

ness as the reward signal. This dependence exposes 136

a critical vulnerability to “lucky guessing,” where 137

models arrive at correct answers via flawed deriva- 138

tion (Wang et al., 2024a). Such phenomena under- 139

score the inadequacy of outcome-only evaluation, 140

necessitating verification mechanisms that enforce 141

the logical correctness of the entire reasoning pro- 142

cess. In this work, we address this challenge by 143

introducing PRIME to rigorously evaluate process- 144

outcome alignment and proposing a process-aware 145

RLVR framework that effectively mitigates incor- 146

rect derivation during training. 147

2.2 Verifier and Verifier Evaluation 148

Recent advancements in model-based verification 149

can be broadly categorized into outcome-centric 150

and process-centric approaches. Outcome-centric 151

methods, such as CompassVerifier (Liu et al., 152

2025b) and xVerify (Chen et al., 2025), focus on 153

assessing the semantic equivalence between gen- 154

erated answers and ground truth, with extensions 155

like SCI-Verifier (Zheng et al., 2025) further han- 156

dling symbolic domains. However, by prioritizing 157

the final result, these approaches often overlook 158

the underlying derivation, failing to detect spurious 159

correctness arising from “lucky guesses.” In con- 160

trast, process-centric approaches, known as Process 161
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Reward Models (PRMs) (Uesato et al., 2022; Light-162

man et al., 2023), provide step-aware supervision163

to mitigate reasoning fallacies, with techniques like164

Math-Shepherd (Wang et al., 2024a) automating165

verification via Monte Carlo rollouts. Despite the166

evolution of these verification paradigms, the evalu-167

ation of verifiers remains underdeveloped. Current168

benchmarks primarily test answer extraction ca-169

pabilities rather than the ability to detect logical170

inconsistencies between the derivation and the final171

result. PRIME bridges this critical gap by introduc-172

ing a benchmark for Process-Outcome Alignment,173

specifically penalizing reasoning false positives to174

distinguish valid reasoning from spurious success.175

PRIME addresses this limitation by introducing a176

specialized benchmark for Process-Outcome Align-177

ment, which rigorously evaluates whether a verifier178

grants rewards only when the final answer matches179

the ground truth and the derivation maintains logi-180

cal consistency with its outcome.181

3 Benchmark Construction182

To systematically evaluate the capability of veri-183

fiers to judge the process-outcome consistency of184

LRMs, we introduce PRIME. The benchmark is185

constructed through a multi-stage pipeline that in-186

tegrates automated processing with human-in-the-187

loop verification. As illustrated in Figure 2, the188

construction encompasses five key stages, and we189

detail each one in the subsequent sections.190

3.1 STEM Data Collection and Filtering191

To comprehensively evaluate the verification capa-192

bility of large reasoning models across complex sci-193

entific domains, we construct an initial pool Qraw194

containing over 7M problems collected primarily195

from undergraduate and graduate-level textbooks,196

as well as university final exams. These problems197

span Mathematics, Physics, Chemistry, and En-198

gineering, requiring deep domain knowledge and199

complex multi-step reasoning. Raw data from ed-200

ucational resources often contains open-ended in-201

quiries or errors unsuitable for objective verifica-202

tion. We further apply a two-stage model filtering203

pipeline to sanitize Qraw:204

1. Verifiability Check: We prompt GPT-OSS-205

120B to directly assess the problem statement206

for verifiability. This step filters out ambigu-207

ous or open-ended questions lacking a unique208

ground truth.209

2. Correctness Validation: To maximally elim- 210

inate errors in textbook answers, we employ 211

top-performing models, including Gemini-3- 212

Pro, GPT-5, and Claude-Sonnet-4.5, to cross- 213

validate the ground truth agt. We filter out 214

instances where none of the models yield a 215

result matching agt, retaining only those vali- 216

dated by at least one model. 217

After filtering, we organize valid problems into 218

a hierarchical structure encompassing 16 fine- 219

grained sub-domains, such as Topology, Organic 220

Polymer, and Systems Robotics. To prevent data 221

imbalance caused by the uneven distribution of 222

source materials, we apply a downsampling strat- 223

egy to over-represented categories. We denote this 224

final filtered dataset as Qclean = {(qi, ai)}, where 225

qi represents the question statement and ai denotes 226

the standard ground truth answer (typically a fi- 227

nal value or option without reasoning steps). The 228

subject composition is presented in Figure 3. 229

3.2 Diverse Response Generation and 230

Difficulty-Aware Selection 231

To assess verifier robustness against diverse reason- 232

ing patterns, we construct a response set containing 233

varying qualities and error types. For each valid 234

problem (q, a) ∈ Qclean, we employ M distinct 235

Large Reasoning Models (LRMs) to serve as can- 236

didate solvers. Each model Mm generates a single 237

reasoning trajectory rm, yielding a set of M triplets 238

per question: 239

T = {(qi, ai, rmi ) |m ∈ {M}, (qi, ai) ∈ Qclean}
(1) 240

where rmi represents the response generated by the 241

m-th model. 242

To ensure the benchmark focuses on samples 243

that effectively discriminate verifier capabilities, 244

we implement a Verification Difficulty Filtering 245

mechanism. We select responses that are intrinsi- 246

cally hard to verify. We utilize GPT-OSS-120B as 247

a proxy verifier to assess each triplet (q, a, r) ∈ T . 248

The verifier is prompted to check whether the re- 249

sponse r is correct regarding both the reasoning 250

process and the final result. 251

To capture the uncertainty in verification, we per- 252

form k = 8 independent verification trials for each 253

triplet. Let vj ∈ {0, 1} denote the verdict of the j- 254

th trial, where 1 indicates the response is judged as 255

correct and 0 otherwise. We define the Verification 256

Consensus Score C(q, r) as the average of positive 257
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a.STEM Data 
Collection

Explain what eigenvalues ​​are

Verifiability Check
Q: Explain what eigenvalues ​​are ❌
Q: How to reduce friction ❌
Q: Find the derivative of sin(x) ✅
Q: Solve 2x + 1 = 5 ✅

Correctness Validation
Q: HCl reacts with NaOH to give 
     H2O and What ？
A: NaCl ✅

Q: Factorize x2 - 1
A: x(x-1) ❌

b.Data Filtering

Question
Answer
Response

···

···
Samples

Consistent
Easy to verify

Drop

Inconsistent
Hard to verify

Save

d.Difficulty Filteringc.Response 
 Generation

Responses

Outcome: T/F
Overall: T/F
Reason: Why

e.Expert 
   Labeling

Human Experts

Figure 2: Overview of the PRIME construction pipeline. The process comprises five stages: (a) Extensive STEM
data collection with diversity control; (b) Two-stage automated filtering for verifiability and correctness; (c)
Heterogeneous response generation using diverse LRMs; (d) Difficulty-aware filtering to select discriminative
samples; (e) Fine-grained expert labeling focusing on process-outcome alignment.

Figure 3: Subject distribution of PRIME. The inner
ring represents the four major STEM disciplines, while
the outer ring details the 16 fine-grained sub-domains.

judgments: C(q, r) =
∑k

j=1 vj/k. Based on this258

score, we categorize the samples:259

• Easy-to-Verify (Drop): C(q, r) = 1 or260

C(q, r) = 0. These are samples where the261

proxy verifier is unanimous across all trials262

(either consistently correct or consistently in-263

correct). These cases represent "obvious" de-264

cisions that offer minimal signal for distin-265

guishing strong verifiers.266

• Hard-to-Verify (Save): 0 < C(q, r) < 1.267

These samples lie on the decision boundary of268

the verifier, where the proxy model exhibits269

inconsistency in its judgment. Such instances270

typically contain subtle errors or deceptive271

steps that are challenging to verify reliably.272

We retain only the response triplets from the273

“Hard-to-Verify” category to form the final evalu- 274

ation set Tfinal. This strategy ensures that PRIME 275

specifically targets the difficult regime of process 276

supervision. 277

3.3 Fine-grained Expert Labeling and 278

Evaluation Metrics 279

To ensure the accuracy and reliability of our PRIME, 280

we employ domain experts to perform fine-grained 281

annotation on the selected samples in Tfinal. Instead 282

of relying on traditional outcome-only checks, we 283

introduce a process-aware labeling. Specifically, 284

for each trajectory (q, r, a), experts provide a struc- 285

tured label tuple L = (youtcome, yoverall): 286

• youtcome ∈ {0, 1}: Outcome Label. Valid- 287

ity of the extracted final answer a against the 288

ground truth agt. 289

• yoverall ∈ {0, 1}: Overall Label (Process- 290

Outcome Consistency). This is the primary 291

metric of PRIME. It is marked as valid (1) if 292

and only if the reasoning process s is logically 293

sound and correctly derives a. This strictly pe- 294

nalizes “lucky guesses”, where the answer is 295

correct by chance but the derivation is flawed. 296

Consequently, the evaluation score on PRIME is 297

calculated based on the prediction of the overall 298

Label (yoverall), rather than the outcome-only label. 299

This ensures that verifiers are assessed on their 300

ability to validate the entire derivation process and 301

final answer. The detailed prompts used for the 302

verifier in our evaluation are provided in Appendix 303

Figure 9. 304
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Model
Math Physics Chemistry Biology Average

Outcome Overall Outcome Overall Outcome Overall Outcome Overall Outcome Overall F1

Math-Verify 65.56 63.67 63.17 65.85 69.69 65.47 73.80 72.04 67.71 65.93 57.88

Qwen3-4B-Instruct-2507 81.22 64.78 78.35 68.97 80.05 70.20 77.33 74.56 79.74 73.13 68.74
Phi-4 81.44 60.00 81.70 70.09 80.05 63.81 76.57 69.52 80.29 64.46 69.08
DeepSeek-V3.2 87.56 72.44 87.50 79.02 88.24 77.62 87.91 84.63 87.81 77.13 76.33

Qwen3-4B 86.33 69.56 87.72 79.46 86.57 75.83 84.89 82.12 86.43 75.23 74.26
Qwen3-4B-thinking-2507 89.22 76.22 89.51 82.81 91.30 83.76 90.68 86.65 90.15 81.36 79.88
Qwen3-8B 87.78 72.89 88.17 80.13 87.47 77.37 87.91 84.13 87.77 77.32 76.62
Qwen3-30B-A3B 90.44 79.67 87.28 83.26 88.24 83.38 90.18 87.66 89.16 82.71 80.34
GPT-OSS-20B 89.67 75.56 88.62 83.26 88.24 79.80 89.67 85.14 89.04 79.74 78.75
GPT-OSS-120B 91.22 78.33 88.39 82.37 90.03 79.80 88.92 85.14 89.99 81.64 80.71
DeepSeek-V3.2-thinking 90.67 83.89 89.73 87.72 93.35 88.49 91.18 90.43 91.41 87.02 85.65
GLM-4.6 90.22 81.00 89.51 85.27 89.00 84.91 87.66 84.38 89.32 83.50 82.26
Kimi-K2-thinking 91.78 82.56 90.40 87.05 92.46 89.00 89.67 87.66 91.41 86.15 84.60

Claude-Sonnet-4 89.44 74.78 88.39 80.58 88.62 77.75 84.63 81.61 88.25 77.80 77.06
Claude-Sonnet-4.5 90.22 74.00 86.83 79.69 88.36 77.49 83.88 79.60 88.05 76.97 76.79
Claude-Opus-4 89.33 75.33 88.39 81.47 89.26 80.43 88.41 84.89 89.00 79.50 78.38
Claude-Opus-4.5 90.89 75.67 90.18 81.47 89.13 79.67 86.65 81.86 89.55 78.91 78.86
GPT-5-chat 88.11 71.11 86.61 77.23 82.74 68.67 83.12 77.33 85.40 72.42 74.02
GPT-5.2-chat 90.78 81.89 92.19 88.17 91.30 86.45 91.44 89.42 91.29 85.60 84.32

Claude-Sonnet-4-thinking 90.78 81.00 89.73 85.94 90.28 85.29 86.65 85.39 89.79 83.89 82.75
Claude-Sonnet-4.5-thinking 92.44 81.00 91.07 89.96 92.20 88.11 90.43 88.66 91.81 85.99 84.45
Claude-Opus-4-thinking 91.59 80.89 91.07 87.28 91.43 86.57 88.41 86.65 90.94 79.50 83.27
Claude-Opus-4.5-thinking 88.89 79.33 89.73 86.61 87.85 81.84 85.64 85.14 88.21 82.31 82.13
Gemini-3.0-pro-thinking 90.56 81.67 88.39 85.49 89.26 86.19 86.15 85.39 89.08 84.33 83.35
Gemini-2.5-Pro-thinking 92.11 86.11 91.52 88.17 91.30 90.15 91.94 91.44 91.52 88.56 86.19
GPT-5-thinking 91.11 86.67 90.85 89.96 89.64 88.62 88.16 88.16 90.15 88.09 86.71
GPT-5.2-thinking 92.11 86.00 92.41 89.96 91.30 88.49 89.92 89.17 91.57 87.97 86.36
Grok-4-thinking 91.33 85.78 89.51 87.72 91.82 89.00 90.18 89.42 90.98 87.69 85.75
Seed-1.6-thinking 90.00 74.78 87.72 79.91 89.13 79.80 86.65 82.87 88.80 78.51 78.50

General-Verifier 76.78 57.78 78.57 68.53 77.49 63.04 75.57 68.77 77.13 63.04 68.12
Tencent-Qwen2.5-7B-RLVR 86.22 66.33 82.14 72.77 84.65 71.23 85.14 78.34 84.84 70.87 70.17
xVerify-9B-C 87.11 67.44 81.92 73.44 83.89 72.55 86.39 80.10 84.92 71.98 70.91
CompassVerifier-32B 88.33 67.33 88.62 77.46 89.13 73.66 88.66 81.36 88.68 73.29 73.17
SCI-Verifier-4B 87.56 68.78 87.05 77.68 87.98 73.53 91.18 84.38 88.17 74.28 73.77

Rule-based Verifier

Open-source Models

Closed-source Models

Verifier Model

Table 1: Performance of different models on PRIME. F1 refers to the F1-score of Overall field. The best and
second-best results are highlighted in bold and underlined, respectively.

4 Analysis of Performance on PRIME305

In this section, we conduct a comprehensive eval-306

uation on PRIME to assess the capability of cur-307

rent models in ensuring process-outcome align-308

ment. We benchmark a diverse array of models,309

and present an in-depth analysis of performance310

trends, the impact of reasoning capabilities, and the311

trade-off between accuracy and efficiency.312

4.1 Experimental Settings.313

Models. We categorize the evaluated models into314

three distinct groups: (1) Open-source Models,315

which encompass standard instruction-tuned mod-316

els such as Qwen3-Instruct (Yang et al., 2025),317

DeepSeek-V3.2 (Liu et al., 2025a), Phi-4 (Abdin318

et al., 2024), and GLM-4.6 (Z.ai Team, 2025),319

alongside reasoning-enhanced variants like Qwen3- 320

thinking, DeepSeek-V3.2-thinking, and Kimi-K2- 321

thinking (Team et al., 2025). This category also in- 322

cludes the GPT-OSS series (20B and 120B) (Agar- 323

wal et al., 2025). (2) Closed-source Models, com- 324

prising proprietary systems divided into standard 325

chat versions (e.g., GPT-5-chat (OpenAI, 2025), 326

Claude-Sonnet/Opus (Anthropic, 2025a,b)) and 327

reasoning-oriented models tailored for complex 328

tasks, such as Gemini-3.0/2.5-Pro-thinking (Co- 329

manici et al., 2025; Google DeepMind, 2025), GPT- 330

5-thinking (OpenAI, 2025), Grok-4-thinking (xAI 331

Team, 2025), and Seed-1.6-thinking (ByteDance 332

Seed Team, 2025). (3) Specialized Verifiers, 333

including models explicitly engineered for ver- 334

ification and reward modeling tasks, such as 335

CompassVerifier-32B, xVerify-9B-C, SCI-Verifier- 336
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4B, and Tencent-Qwen2.5-7B-RLVR (Su et al.,337

2025). We also include MathVerify (Kydlíček and338

Hugging Face Team, 2025), a rule-based verifier339

where we employ GPT-OSS-120B to extract the340

final answer from the model’s response for direct341

comparison with the ground truth.342

Evaluation Paradigm. We adopt distinct evalu-343

ation strategies based on the model type. For spe-344

cialized verifiers, we strictly adhere to their official345

implementations to extract verification predictions,346

directly comparing them against the correspond-347

ing ground truth labels. For general-purpose mod-348

els, we employ a structured prompting approach349

(Figure 9) that asks the model to independently350

check two aspects: whether the derivation logic351

is sound (<process>) and whether the final an-352

swer is correct (<outcome>). To determine the353

model’s overall judgment, we simply consider a354

solution valid only when the model approves both355

the process and the outcome. Since our bench-356

mark provides specific ground truth labels for both357

the outcome and the overall correctness, we cal-358

culate performance on two corresponding metrics:359

(1) Outcome Accuracy, measured by comparing360

the model’s <outcome> tag directly with the Out-361

come ground truth youtcome; and (2) Overall Ac-362

curacy, measured by comparing the model’s com-363

bined judgment against the Overall ground truth364

yoverall.365

4.2 Performance Analysis.366

General Performance Trends. As shown in Ta-367

ble 1, performances on PRIME are strongly related368

to both model scale and model family. Closed-369

source models generally achieve the best results,370

with Gemini-2.5-Pro-thinking reaching an overall371

accuracy of 88.56%. Among open-source mod-372

els, accuracy increases steadily with parameter373

count, rising from Qwen3-4B (75.23%) to GPT-374

OSS-120B, which attains the best open-source over-375

all accuracy of 81.64%. These results suggest that376

large open-source models are becoming increas-377

ingly competitive on demanding verification tasks.378

Reasoning is Important for Verification. Ta-379

ble 1 also shows that models with explicit reason-380

ing consistently outperform their instruction-tuned381

counterparts. For example, Qwen3-4B-thinking ex-382

ceeds Qwen3-4B-Instruct by more than 8%. This383

gap indicates that verification on PRIME requires384

more than surface-level semantic matching; it often385

requires following the derivation to catch logical386

Figure 4: Efficiency-Performance Trade-off Analysis.
The scatter plot visualizes the relationship between the
average token consumption on PRIME and the overall
accuracy for various models. The red dashed line delin-
eates the boundary between open-source models (below)
and commercial closed-source models (above).

errors. Overall, strong reasoning ability appears 387

necessary for a high-quality verifier. 388

4.3 Further Analysis 389

Efficiency vs. Performance Trade-off. To guide 390

the selection of a verifier for resource-intensive 391

tasks like RLVR, we analyzed the trade-off between 392

computational cost and verification performance. 393

In Figure 4, we plot the verification accuracy on the 394

PRIME benchmark against a proxy for inference 395

cost (calculated as the product of activated param- 396

eters and the number of generated tokens). The 397

visualization reveals a general trend where higher 398

accuracy correlates with an increased proxy cost, 399

indicating that greater reasoning effort often leads 400

to better performance. This analysis provides a 401

practical framework for selecting an appropriate 402

verifier by balancing the required accuracy against 403

the available computational budget for scalable 404

training. 405

5 Analysis of Downstream RLVR 406

We bridge our PRIME analysis to the practical task 407

of RLVR. To validate the benchmark’s utility, we 408

first demonstrate the critical impact of process con- 409

sistency via an ablation study. We then investigate 410

the correlation between verifier scores and result- 411

ing policy performance, establishing PRIME as a 412

strong predictor of downstream RLVR outcomes. 413
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5.1 Experimental Settings.414

Reinforcement Learning Details. The reward415

signal is designed to strictly enforce both outcome416

accuracy and the logical consistency of the deriva-417

tion. Formally, for a given question x, model re-418

sponse y, and ground truth answer a∗, the reward419

R(x, y, a∗) is defined as:420

R(x, y, a∗) = I(O) · I(C) (2)421

where I(·) is the indicator function. Here, O repre-422

sents the outcome correctness, verifying whether423

the final answer extracted from y matches the424

ground truth a∗. C denotes the process consistency,425

a judgment provided by the verifier on whether426

the model’s reasoning trajectory is logically sound427

and consistent with the final result. This dual-428

verification mechanism ensures that the model is429

penalized for “lucky guesses” where the answer is430

correct but the reasoning is flawed. We perform431

RLVR directly on two base models Qwen3-8B-432

Base and Qwen3-14B-Base. The training utilizes433

the WebInstruct-verified dataset. We configure434

the training with a global batch size of 64 and a roll-435

out number of 16. All experiments are conducted436

on a cluster of 40 H800 GPUs, and the models are437

trained for a total of 300 steps with PPO.438

Benchmarks We evaluate LRMs trained via439

RLVR using verifiers selected by our bench-440

mark across diverse domains. Our suite in-441

cludes AIME 2024, AIME 2025, and Beyond-442

AIME (ByteDance-Seed, 2025) for advanced443

math; GPQA-Diamond (GPQA-D) (Rein et al.,444

2024) and SuperGPQA (Du et al., 2025) for scien-445

tific reasoning; plus MATH-500 and MMLU-Pro446

(Wang et al., 2024b). We report average@16 accu-447

racy for the AIME suite, average@4 for GPQA-D448

and MATH-500, and pass@1 for others.449

5.2 Impact of Process Consistency.450

To verify the necessity of the process consis-451

tency judgment in our reward formulation, we con-452

duct ablation experiments comparing our proposed453

process-aware RLVR against a standard outcome-454

only baseline. We use GPT-OSS-120B as the ver-455

ifier. In the baseline setting, the reward is de-456

termined solely by the final answer correctness,457

ignoring the logical validity of the intermediate458

reasoning trajectory. The results are presented in459

Table 2. We can see that incorporating process-460

aware supervision yields consistent and signifi-461

cant improvements across both model scales. For462
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Figure 5: Correlation between verifier performance and
downstream policy improvement with verifier. The x-
axis represents the Overall Accuracy on our PRIME
benchmark, and the y-axis represents the average score
on the benchmarks in Table 3

the Qwen3-8B-Base model, the inclusion of pro- 463

cess verification boosts the average accuracy from 464

37.12% to 41.70%. Similarly, for the Qwen3-14B- 465

Base model, the performance rises from 43.15% 466

to 47.07%. The gains are particularly pronounced 467

in high-difficulty reasoning benchmarks; for in- 468

stance, on AIME 2024, the 8B model improves 469

drastically from 21.04% to 29.64%, and the 14B 470

model improves from 28.85% to 37.14%. This in- 471

dicates that relying solely on outcome verification 472

makes the policy model prone to reward hacking 473

via “lucky guesses,” whereas strictly enforcing pro- 474

cess consistency ensures the model learns robust 475

and generalized reasoning patterns, leading to su- 476

perior performance on complex tasks. 477

5.3 Correlation and Performance. 478

Verifier Selection for Downstream Validation. 479

To assess whether PRIME performance reliably pre- 480

dicts utility in practical RLVR pipelines, we select 481

a representative subset of verifiers from Section 4. 482

Instead of relying solely on top-scoring models, we 483

cover a capability spectrum (70%–85% Overall Ac- 484

curacy) by selecting five models: CompassVerifier- 485

32B, Qwen3-4B, Qwen3-8B, GPT-OSS-20B, and 486

GPT-OSS-120B. This diversity allows us to directly 487

correlate benchmark scores with the downstream 488

performance of policy models trained on their re- 489

ward signals. 490

Correlation between Performance in PRIME 491

and Downstream Performance. The compar- 492

7



Verifier Model AIME24 AIME25 Beyond-AIME GPQA-D SuperGPQA MATH-500 MMLU-Pro AVG

GPT-OSS-120B-Outcome 21.04 18.65 7.94 37.18 26.91 83.20 64.90 37.12
GPT-OSS-120B 29.64 22.40 10.94 45.45 31.00 86.40 66.12 41.70

GPT-OSS-120B-Outcome 28.85 21.61 11.27 45.17 41.26 85.00 68.86 43.15
GPT-OSS-120B 37.14 30.73 18.58 50.66 31.60 91.20 69.61 47.07

Qwen3-8B-Base

Qwen3-14B-Base

Table 2: Performance comparison between models trained with Outcome-only verification and our proposed
Process-aware verification. The best results are highlighted in bold.

Verifier Model AIME24 AIME25 Beyond-AIME GPQA-D SuperGPQA MATH-500 MMLU-Pro AVG

- 4.53 2.86 2.23 20.61 17.66 40.20 31.79 17.13

Math-Verify 15.47 14.43 7.28 40.15 26.24 78.40 63.28 35.04
CompassVerifier-32B 13.39 10.99 7.59 38.64 30.46 78.80 59.33 34.17
Qwen3-4B 18.65 15.78 6.92 34.38 27.01 82.80 55.24 34.40
Qwen3-8B 24.74 18.91 8.58 37.72 27.84 83.60 58.73 37.16
GPT-OSS-20B 27.19 20.00 11.72 45.93 32.17 86.60 65.20 41.26
GPT-OSS-120B 29.64 22.40 10.94 45.45 31.00 86.40 66.12 41.70

- 7.60 4.53 2.89 32.01 23.52 57.60 45.35 24.79

Math-Verify 20.68 18.54 7.91 47.00 28.19 84.40 66.41 39.07
CompassVerifier-32B 21.93 13.02 8.98 46.24 40.50 85.00 69.08 40.68
Qwen3-4B 28.07 21.67 10.94 46.53 35.40 85.60 67.21 42.20
Qwen3-8B 22.40 18.75 10.92 49.21 39.03 86.40 68.27 42.14
GPT-OSS-20B 30.36 21.51 12.92 51.58 40.44 87.60 69.32 44.82
GPT-OSS-120B 37.14 30.73 18.58 50.66 31.60 91.20 69.61 47.07

Qwen3-8B Base

Qwen3-14B Base

Table 3: Downstream performance comparison. Evaluation of Qwen3-8B Base and Qwen3-14B Base trained via
RLVR using different verifiers. The best results are highlighted in bold and the second best are underlined.

ative results are presented in Table 3 and further vi-493

sualized in Figure 5. From Table 3, we can see that494

the performance of the trained policy models im-495

proves significantly as the capability of the verifier496

increases. Notably, using our best-performing veri-497

fier, GPT-OSS-120B, boosts the average accuracy498

of the Qwen3-14B Base model from 24.79% to499

47.07%, surpassing the gains achieved by smaller500

verifiers like CompassVerifier-32B (40.68%) or501

Qwen3-4B (42.20%). Combining this with the502

trend analysis in Figure 5, we observe a strong503

positive linear correlation between the verifier’s504

Overall Accuracy on PRIME and the policy model’s505

final performance, with coefficient of determina-506

tion (R2) values reaching 0.937 and 0.920 for the507

8B and 14B models, respectively. This indicates508

that PRIME serves as a highly reliable predictor509

of a reward model’s utility. A verifier that demon-510

strates high process consistency on our benchmark511

is statistically more likely to guide the policy model512

toward correct reasoning paths, thereby effectively513

preventing reward hacking and enhancing training 514

stability. Furthermore, the training dynamics, visu- 515

alized in Appendix Figure 8, are provided to vali- 516

date the stability of our RLVR process. The reward 517

curves exhibit a steady increase before reaching 518

a plateau, indicating that each policy model was 519

trained to convergence. 520

6 Conclusion 521

We introduce PRIME to evaluate the process ver- 522

ification capabilities of Large Reasoning Models. 523

Our benchmarking reveals that strong reasoning is 524

a prerequisite for verification, and process-aware 525

verifiers significantly outperform outcome-only 526

baselines. We further validate the benchmark’s 527

utility by demonstrating a strong correlation be- 528

tween PRIME scores and downstream RLVR policy 529

improvement, confirming that high-quality process 530

supervision leads to substantial gains in complex 531

reasoning tasks. 532
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Limitation533

A primary limitation of this study is that we534

did not train a specialized process-aware verifier535

model from scratch. Instead, we leveraged existing536

high-performance open-source model selected by537

our benchmark to serve as the verifier in RLVR.538

Our empirical findings indicate that these general-539

purpose strong reasoners already possess sufficient540

capability to distinguish between valid reasoning541

and spurious “lucky guesses,” thereby providing542

highly effective supervision signals without the543

need for costly specialized training. Future work544

will focus on scaling this verification paradigm to545

even larger LRMs and extending the evaluation546

to agentic scenarios, where multi-step planning547

and tool use require even more process consistency548

checks.549

Ethical Considerations550

The development of PRIME adheres to strict ethi-551

cal standards for AI research. Our initial corpus of552

7 million problems is sourced from university-level553

textbooks and public examinations. This data is554

intended solely for academic purposes to evaluate555

reasoning capabilities, and the final 2,530 bench-556

mark samples are the result of an original, multi-557

stage processing and annotation pipeline. Profes-558

sional domain experts in STEM performed all fine-559

grained labeling and were compensated fairly for560

their professional expertise. To protect privacy,561

no personally identifiable information of these ex-562

perts is included in the released dataset. A primary563

goal of this work is to mitigate reward hacking564

and “lucky guesses” in RLVR by enforcing strict565

process-outcome alignment. By penalizing pseudo566

successes, we promote the development of more567

trustworthy and logically sound reasoning models568

for scientific applications. While we release the569

benchmark and trained models to facilitate open570

research, they are not intended for autonomous571

decision-making in high-stakes environments with-572

out human oversight. We do not foresee significant573

dual-use risks, as the content is centered on funda-574

mental mathematics and engineering disciplines.575
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Figure 6: Answer type distribution of PRIME.

A Appendix731

Model Accuracy

CompassVerifier 4.66
xVerify-9B-C 11.89
Tencent-Qwen-7B-RLVR 8.86
Sci-Verifier 9.09
Qwen3-4B 22.14
Qwen3-8B 29.37
GPT-OSS-20B 36.83
GPT-OSS-120B 45.92

Table 4: Performance comparison on the “Lucky Guess”
subset in our PRIME. This subset contains samples with
correct final outcomes but flawed derivations, measuring
the verifiers’ sensitivity to derivation false positives.

A.1 Case Study732

Figure 7 illustrates a “lucky guess” scenario where733

the model incorrectly uses the circumference for-734

mula (C = 2πr) to calculate the area of a circle735

(r = 2) yet coincidentally arrives at the correct736

value 4π. This case highlights the limitations of737

baseline verifiers. The rule-based verifier rejects738

the response due to rigid formatting constraints as739

it fails to match “4pi” with “4π”, resulting in a false740

negative regarding the outcome. In contrast, the741

outcome-only verifier accepts the response based742

solely on the correct final answer and ignores the743

flawed derivation. This generates false positive744

signals that encourage reward hacking in RLVR.745

Finally, a process-aware verifier (such as GPT-OSS-746

120B) successfully detects the logical fallacy of747

applying the circumference formula for area cal- 748

culation and correctly penalizes the response. It 749

further indicates that process-aware verification is 750

essential to filter out false positive responses, ensur- 751

ing that rewards are assigned solely for reasoning 752

that is both accurate in outcome and valid in deriva- 753

tion. 754
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Evaluation Example

Question: Calculate the area of 
a circle with a radius of r=2.
Answer: 4π
Response: The formula for the 
area of a circle is C=2πr. So the 
final answer is 2π x 2 = 4pi.

Outcome: True
Overall: False

Rule-based Verifier

Output: False
(Because it cannot identify 
4pi as 4π.） 

Outcome-only Verifier

Output: The final answer 
"4pi" is semantically 
equivalent to the reference 
answer "4π". 

<verdict>True</verdict>

Process-aware Verifier

Output: The model incorrectly 
applies the circumference formula 
(2πr) to calculate the area. The 
correct answer is coincidental.

<result>True</result>
<overall>False</overall>

Outcome Score: 0
Overall Score: 1

Outcome Score: 1
Overall Score: 0

Outcome Score: 1
Overall Score: 1

Figure 7: Qualitative comparison of verification paradigms.
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Figure 8: RLVR training reward curves using different verifiers. Higher-performing verifiers identified by PRIME
consistently provide more stable and higher reward signals during the training process.
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The Evaluation Prompt for Process-Outcome Consistency Verification

# Role
You are an extremely meticulous and conscientious exam grader. Your task is to assess whether a
student’s submitted answer is correct.
# Input Variables
- **[Question]**: The problem that needs to be solved.
- **[Reference Answer]**: Typically only the final result, as a reference.
- **[Student Answer]**: Includes the full solution steps and the final result.
# Primary Principles
I will provide you with a question and the corresponding reference answer. You need to determine:
1. Whether the student’s solution **process** is correct.
2. Whether the student’s final **result** is correct.
3. Whether the student’s answer is **perfect**.
# Core Logic ## Process Correctness
You must carefully check whether there are problems in each step of the student’s solution. Your
judgment should follow the principle of “presumption of correctness”: the process is considered
correct unless one of the following fundamental errors occurs.
**Fundamental Errors**:
1. Logical errors, calculation errors, or factual errors in reasoning.
2. Inconsistencies within reasoning, such as inconsistency between statements.
**Note**: If the student did not provide the solution process, it is considered **correct by

default**.
## Result Correctness
Similarly, your judgment of the final result also follows the principle of “presumption of
correctness”: the answer is considered correct unless one of the following fundamental errors
occurs.
**Fundamental Errors**:
1. The student fails to provide a clear final answer.
2. The student’s final answer does not satisfy the problem requirements.
3. The student’s final result does not match the reference answer (unless you can prove the
student’s result is also correct).
**Note**: In numerical calculations, discrepancies due to reasonable rounding are **not
considered** fundamental errors but should be carefully distinguished from computational errors.
## Answer Perfection
An answer is considered perfect only when both the process and result are correct, and none of
the following imperfections occur. Any answer with a fundamental error is necessarily imperfect.
Imperfection reference standards:
1. Insufficient precision: The solution does not provide the exact form (e.g., 2) but only an
approximate value (e.g., 1.414).
2. Not simplified: Fractions, radicals, etc., are not expressed in simplest form.
3. Redundant content: Contains information clearly irrelevant to the solution.
4. Lack of process: Missing necessary solution steps.

5. Other flaws you consider imperfect but not fundamental errors.
**Note**: If the problem’s requirements conflict with the standards of perfection, the problem
requirements take precedence.
# Special Cases
- If the student’s answer contains a large amount of repetitive content, both the process and
the result should be considered incorrect.
- If the student’s answer is incomplete (e.g., cut off), both the process and the result should
be considered incorrect.
# Output Format
You need to output a result in XML format with the following fields:
<process> [Your judgment on the correctness of the solution process, only True or False] </process>
<outcome> [Your judgment on the correctness of the final result, only True or False] </outcome>
<perfect> [Your judgment on whether the answer is perfect, only True or False] </perfect> <reason>
[Your reasoning for the judgment in a few brief sentences] </reason>
{few_shots}
# Task
Now, please strictly follow the above principles, logic, and format to evaluate the following
input and return the result in XML format.
<question> question </question>
<student_answer> student_answer </student_answer>
<reference_answer> reference_answer </reference_answer>

Figure 9: Detailed evaluation prompt used for assessing verifier performance on PRIME. This prompt enforces a
multi-dimensional check on process correctness, result accuracy, and overall perfection.
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