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Abstract001

Multimodal Large Language Models (MLLMs)002
demonstrate remarkable capabilities but often003
struggle with complex, multi-step mathemat-004
ical reasoning, where minor errors in visual005
perception or logical deduction can lead to com-006
plete failure. While Process Reward Models007
(PRMs) offer step-by-step supervision, exist-008
ing multimodal PRMs are limited to being bi-009
nary verifiers that can identify but not correct010
errors, offering little explanatory power. To ad-011
dress these deficiencies, we introduce the Gen-012
erative Multimodal Process Reward Model013
(GM-PRM), a novel paradigm that transforms014
the PRM from a passive judge into an active rea-015
soning collaborator. Instead of a simple scalar016
score, GM-PRM provides a fine-grained, inter-017
pretable analysis of each reasoning step, evalu-018
ating its step intent, visual alignment, and log-019
ical soundness. More critically, GM-PRM is020
trained to generate a corrected version of the021
first erroneous step it identifies. This unique022
corrective capability enables our new test-time023
inference strategy, Refined Best-of-N (Refined-024
BoN). This framework actively enhances solu-025
tion quality by using the PRM’s generated cor-026
rection to guide the policy model toward a more027
promising reasoning trajectory, thereby improv-028
ing the diversity and correctness of the solution029
pool. We demonstrate that GM-PRM achieves030
state-of-the-art results on multiple multimodal031
math benchmarks, significantly boosting pol-032
icy model performance with remarkable data033
efficiency, requiring only a 20K-sample train-034
ing dataset. Our code will be released upon035
acceptance.036

1 Introduction037

The advent of Multimodal Large Language Mod-038

els (MLLMs) has marked a significant milestone039

in artificial intelligence, demonstrating remarkable040

capabilities in integrating and understanding vi-041

sual and textual information (Caffagni et al., 2024;042

Yan et al., 2024c; Yan and Lee, 2024; Huo et al.,043

Figure 1: Comparison among ORM (a), PRM (b), and
our proposed GM-PRM (c) for multimodal math rea-
soning.

2024; Zheng et al., 2024b). While these models 044

excel at general-purpose tasks such as image cap- 045

tioning and visual question answering, they often 046

falter when confronted with complex, multi-step 047

reasoning challenges, particularly within special- 048

ized domains like mathematics (Wang et al., 2024; 049

Yan et al., 2024a, 2025a; Ahn et al., 2024). Solv- 050

ing multimodal mathematical problems requires 051

not only accurate perception of visual elements 052

(e.g., geometric figures, function graphs) but also 053

a rigorous, step-by-step logical deduction process 054

(Shi et al., 2024; Zhuang et al., 2025; Yan et al., 055

2025b). Minor errors in either image interpreta- 056

tion or logical inference can cascade, leading to 057

entirely incorrect final answers. 058

To mitigate these reasoning deficiencies, Pro- 059

cess Reward Models (PRMs) have emerged as a 060

promising paradigm (Gao et al., 2024; Zhong et al., 061

2025). Unlike outcome-based models that only re- 062

ward correct final answers (shown in Figure 1 (a)), 063
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PRMs provide fine-grained supervision by evalu-064

ating the correctness of each intermediate step in065

a reasoning chain (Zheng et al., 2024a; Lambert066

et al., 2024; Yan et al., 2024b), as shown in Figure067

1 (b). This approach has proven effective in the lan-068

guage domain (Zeng et al., 2025; Yuan et al., 2024;069

Zhang et al., 2025a). However, extending PRMs to070

the multimodal context presents unique challenges071

(Miao et al., 2025; Du et al., 2025; Li et al., 2025b;072

Cao et al., 2025). Existing multimodal PRMs often073

function as binary classifiers, assigning a simple074

correct/incorrect label to each step, which offers075

limited explanatory power. Furthermore, they typi-076

cally possess the ability to identify errors but lack077

the mechanism to correct them, leaving the reason-078

ing process fundamentally broken. This limitation079

constrains their utility, especially within mecha-080

nisms like Best-of-N (BoN) sampling, which re-081

main passive selection processes over a static set082

of potentially flawed solutions.083

In this work, we introduce a novel Generative084

Multimodal Process Reward Model (GM-085

PRM) to address these limitations, as illustrated086

in Figure 1 (c). Our model transcends the role of087

a simple verifier and acts as an active reasoning088

collaborator. Instead of merely outputting a scalar089

score, our GM-PRM leverages its generative capa-090

bilities to produce a detailed, interpretable analysis091

for each reasoning step. This analysis deconstructs092

the step into three critical aspects: its fundamental093

step intent, the correctness of its image alignment,094

and the soundness of its reasoning logic. More im-095

portantly, our model is trained not only to identify096

errors but also to generate a refined, corrected097

version of the first incorrect step it encounters.098

This unique corrective capability enables us to099

propose a new test-time inference strategy: the Re-100

fined Best-of-N (Refined-BoN) process. This dy-101

namic framework moves beyond passive selection102

by actively enhancing the quality of candidate solu-103

tions. When our GM-PRM identifies a flawed step104

within a generated solution, it intervenes by provid-105

ing a corrected step, which is then used to guide106

the policy model in generating a new, more promis-107

ing reasoning trajectory. This iterative refinement108

process significantly improves the diversity and cor-109

rectness of the solution pool, leading to a substan-110

tial boost in the policy model’s problem-solving111

performance. Furthermore, we demonstrate that112

this powerful capability can be achieved with re-113

markable data efficiency, requiring a significantly114

smaller training dataset than previous approaches.115

Our primary contributions are as follows: 116

• We develop a generative multimodal PRM that 117

provides fine-grained, interpretable feed- 118

back for mathematical reasoning. It ana- 119

lyzes each step’s purpose, image alignment, 120

and logical validity, moving beyond simple bi- 121

nary classification to offer deeper insight into 122

the model’s thought process. 123

• We introduce a novel Refined-BoN framework 124

that leverages the PRM’s generative power 125

to actively correct errors at test time. It en- 126

hances the policy model’s ability to find cor- 127

rect solutions by iteratively improving flawed 128

reasoning paths. 129

• We demonstrate the effectiveness and data 130

efficiency of GM-PRM, achieving state-of- 131

the-art results on multiple multimodal math 132

benchmarks. Our approach requires only a 133

20K sample dataset, highlighting the quality 134

of data curation and the power of generative 135

supervision strategy. 136

2 Related Work 137

2.1 Process Reward Models (PRMs) 138

PRMs have been proposed to evaluate the fine- 139

grained step level for model reasoning. During 140

the implementation process, annotating and obtain- 141

ing a high-quality training dataset incurs a high 142

cost. PRM800K (Lightman et al., 2023) is the first 143

process supervision dataset completely annotated 144

by humans. To mitigate annotation costs, Math- 145

Shepherd (Wang et al., 2023) proposes Monte 146

Carlo (MC) estimation, while OmegaPRM (Luo 147

et al., 2024) leverages Monte Carlo Tree Search 148

(MCTS) to automatically evaluate each reason- 149

ing step, both utilizing the generation capabili- 150

ties of Large Language Models (LLMs). Sub- 151

sequent research has enhanced the effectiveness 152

of PRMs through various methods, including Ver- 153

saPRM (Zeng et al., 2025), Implicit PRM (Yuan 154

et al., 2024), OpenPRM (Zhang et al., 2025a), 155

PQM (Li and Li, 2024), PAV (Setlur et al., 2024), 156

and others. Furthermore, GenRM (Zhao et al., 157

2025), ThinkPRM (Khalifa et al., 2025) and R- 158

PRM (She et al., 2025) extend the method of us- 159

ing model generation analysis to evaluate steps 160

to PRMs. Recently, DeepSeek-GRM (Liu et al., 161

2025) analyzes responses from multiple perspec- 162

tives and directly generates and aggregates the 163
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scores to achieve the estimation of the entire reason-164

ing process. There are also many studies on bench-165

marks of PRMs such as ProcessBench (Zheng166

et al., 2024a), PRMBench (Song et al., 2025), and167

Socratic-PRMBench (Li et al., 2025a).168

2.2 Multimodal PRMs169

After achieving certain results and progress in the170

research of language modality in PRMs, research171

on PRMs has also begun to shift towards multi-172

modal tasks. M-STAR (Liu et al., 2024a) pro-173

poses and implements multimodal PRM on mul-174

timodal problems. URSA (Luo et al., 2025) con-175

structs a dataset by inserting errors and utilizes it to176

train a multimodal PRM. VisualPRM (Wang et al.,177

2025b) not only uses MC estimation to construct a178

multimodal VisualPRM400K training dataset, but179

also proposes a benchmark for multimodal PRMs180

called VisualProcessBench, which is entirely anno-181

tated by humans. Moreover, Athena-PRM (Wang182

et al., 2025a), PRM-BAS (Hu et al., 2025), MM-183

PRM (Du et al., 2025) and DreamPRM (Cao et al.,184

2025) also improve the capability of multimodal185

PRMs. Although several studies have explored186

multimodal PRMs, applying them to multimodal187

tasks effectively remains certain challenges, such188

as insufficient interpretability of the labels assigned189

to each reasoning step and the inability to correct190

identified erroneous steps. In our work, we intro-191

duce a generative multimodal PRM, GM-PRM to192

solve the above problems.193

3 Methodology194

In this section, we first describe how to utilize195

PRMs and generative PRMs combined with the196

BoN method to improve the performance of policy197

models for mathematical problems in Section 3.1.198

Then, we introduce our process to implement multi-199

modal generative PRM, including data construction200

and model training in Section 3.2. Finally, we pro-201

pose a novel Refined-BoN framework for PRMs to202

enhance its performance beyond traditional BoN203

method in Section 3.3.204

3.1 PRMs for Mathematical Problem205

In this section, we present the implementation206

methods of PRM and GM-PRM, and provide207

formal and detailed explanations of their usage208

through mathematical notation.209

3.1.1 Problem and Reasoning Steps 210

Generation 211

Let Q denote a mathematical problem. Firstly, an 212

LLM π is involved in solving the mathematical 213

problem Q. To facilitate reasoning, the problem 214

is combined with a prompt P , which includes spe- 215

cific instructions guiding the generation of a step- 216

by-step reasoning process and a final answer. This 217

composite input is then fed into the LLM. When 218

generating a response, π generates a sequence of 219

reasoning steps, denoted as R = {r1, r2, . . . , rT }, 220

where T represents the total number of reason- 221

ing steps to the given mathematical problem. The 222

above process can be explained as follows: 223

R = π(Q ∥ P ), (1) 224

where ∥ denotes the concatenation of the problem 225

Q and the prompt P , and π(·) represents the infer- 226

ence process of LLM. 227

3.1.2 PRM 228

A single instance in a training dataset D to train a 229

PRM comprises three components: (1) a problem 230

statement, (2) a generated response consisting of 231

multiple inference steps, and (3) a corresponding 232

set of binary labels, each taking a value of either 0 233

or 1, indicating whether the associated reasoning 234

step is incorrect or correct, respectively. 235

During training, the PRM is optimized using 236

cross-entropy loss and supervised to align its pre- 237

dictions with the ground-truth labels. After being 238

trained, the PRM model is capable of processing 239

new reasoning steps generated by the LLM in re- 240

sponse to a given mathematical problem, which 241

means that the PRM is able to assign a scalar score 242

to each individual reasoning step, reflecting the 243

model’s confidence in the correctness of each step: 244

fPRM : (Q,R) 7→ (s1, s2, . . . , sT ), (2) 245

where fPRM : (·) represents the inference of PRM, 246

si ∈ [0, 1] denotes the confidence score assigned 247

to the i-th reasoning step ri, and T denotes the 248

number of reasoning steps. 249

For generative PRM, the binary labels in the 250

training dataset are replaced with textual analyses 251

and judgments, each formulated as a textual choice 252

such as “incorrect” or “correct”. During inference, 253

generative PRM also generates textual critiques 254

and judgments for each step. 255
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Figure 2: The illustration of a representative example before and after applying GM-PRM. In particular, GM-PRM
first judges the steps of the original solution generated by the policy model. Subsequently, GM-PRM finds that the
second step is incorrect and refines the second step to generate the correct version. The correct steps are input to the
policy model to generate the refined solution, and finally the correct answer is obtained.

3.1.3 GM-PRM256

By extending generative PRMs from the textual257

modality to a multimodal setting, we introduce258

GM-PRM. In this setting, mathematical problems259

are represented using both textual and visual infor-260

mation. The input to the policy model comprises261

the image of the problem, its textual description262

and task-specific instructions, which are processed263

jointly to generate reasoning steps. Similarly, dur-264

ing both training and inference, it is essential to265

provide GM-PRM with inputs from both visual266

and textual modalities, enabling it to perform cross-267

modal analysis when assigning correctness labels268

to each reasoning step:269

fGM-PRM : (Q, I,R) 7→ (c1, j1, . . . , cT , jT ), (3)270

where fGM-PRM : (·) represents the inference of271

GM-PRM, I denotes the image of the mathemati-272

cal problem, ci denotes the critique of the i-th rea-273

soning step ri, and ji denotes the textual judgment274

assigned to the i-th reasoning step ri.275

3.2 Data Construction276

In this section, we present our methodology em-277

ployed to construct the training data for GM-PRM.278

The process consists of three key stages: (1) the se-279

lection of appropriate types and quantities of ques-280

tion data from the VisualPRM400K dataset (Wang281

et al., 2025b); (2) the generation of textual analy-282

sis and judgment data using GPT-4o; and (3) the283

filtering process of the generated data through MC284

estimation and LLM-as-a-judge techniques to en-285

sure quality and reliability.286

3.2.1 Data Selection 287

VisualPRM400K is a large-scale dataset contain- 288

ing approximately 400,000 multimodal process su- 289

pervision samples. In our work, we select plane 290

geometry- and function-related problems from Vi- 291

sualPRM400K to construct a specialized subset and 292

supplement it with corresponding textual analysis 293

for training GM-PRM. This targeted subset with 294

textual critiques supports the effective training of 295

GM-PRM, yielding strong performance on geo- 296

metric and function-based mathematical reasoning 297

tasks. 298

3.2.2 Generation of Analysis and Judgment 299

To obtain textual analyses and judgments, we em- 300

ploy GPT-4o to critique each reasoning step from 301

4 key aspects: step intent, image alignment, rea- 302

soning logic, and step refinement. 303

The aspect of step intent indicates identifying 304

the purpose of each reasoning step. This initial 305

analysis establishes a foundation that allows GM- 306

PRM to interpret and evaluate each reasoning step 307

in context more effectively. Furthermore, this level 308

of understanding facilitates subsequent error detec- 309

tion and correction tasks, thereby enhancing the 310

overall effectiveness of GM-PRM. 311

The second aspect is image alignment. When 312

MLLMs are used for inference in solving multi- 313

modal problems, MLLMs often make errors in im- 314

age alignment, such as misidentifying parallel re- 315

lationships or incorrectly annotating angles, which 316

leads to flawed solutions. To address this, we em- 317

ploy GPT-4o to produce textual analysis and judg- 318
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ments in image alignment for inference steps, to319

form the dataset for training GM-PRM.320

Reasoning logic is an indispensable presence321

in the step-by-step problem-solving process of322

MLLMs. However, the occurrences of logical in-323

consistencies and errors, such as miscalculations324

and incorrect inferences significantly impact the325

correctness of the reasoning steps and the final an-326

swers. Therefore, it is crucial for GM-PRM to327

be capable of identifying such logical flaws and328

making accurate judgments regarding the validity329

of the reasoning logic for each step. In our work,330

we employ GPT-4o to generate textual analysis331

and judgments of each step in reasoning logic to332

form the training dataset. The above process can333

be formulated as follows:334

F : (Q, I,R ∥ P ) 7→ {SIi, IAi, RLi, FJi}ti=1,
(4)335

where F : (·) represents the inference of GPT-336

4o, SIi denotes the textual analysis of step in-337

tent for the i-th reasoning step, t denotes the338

number of the first incorrect step or the last step,339

1 ⩽ t ⩽ T , IAi = {IACi, IAJi} is the anal-340

ysis which contains critique IACi and judgment341

IAJi in image alignment of the i-th reasoning step,342

RLi = {RLCi, RLJi} denotes the analysis which343

contains critique RLCi and judgment RLJi in im-344

age alignment of the i-th reasoning step, FJi de-345

notes the final judgment of the i-th reasoning step.346

Building on aforementioned three aspects, we347

further aim for GM-PRM to correct the first iden-348

tified erroneous step. The above information en-349

ables GM-PRM to generate corrected reasoning350

steps that are logically coherent, visually accurate,351

and semantically aligned with the original step in-352

tent. The resulting corrected steps can then be used353

to construct more diverse and accurate inference354

solutions and ultimately produce more reliable fi-355

nal answers. In our work, we employ GPT-4o to356

generate a corrected version of the first identified357

error step in a reasoning process if the first error358

step is detected to exist by GPT-4o:359

F : (Q, I,R ∥ P ) 7→

{
RS, if incorrect step exists,
∅, otherwise.

(5)360

where RS denotes refined step of the first error step361

in a reasoning process.362

In summary, we design a structured prompt for363

GPT-4o to generate comprehensive analysis data364

across four dimensions based on the provided prob-365

lems, associated images, and step-by-step solu- 366

tions: 367

F : (Q, I,R ∥ P ) 7→ D, (6) 368

where D denotes the generated training dataset: 369

D = {({SIki , IAk
i , RLk

i , FJk
i }ti=1, RSk)}Kk=1,

(7) 370

where k ∈ {1, 2, . . . ,K} represents the k-th sam- 371

ple in the dataset, and K denotes the number of the 372

training instances. 373

3.2.3 Data Filtering 374

The process of constructing training data using 375

GPT-4o can be regarded as an implementation of 376

LLM-as-a-judge methodology. Inspired by the 377

combination of LLM-as-a-judge and MC estima- 378

tion techniques (Zhang et al., 2025b), we employ 379

the MC estimation technique proposed by Math- 380

Shepherd (Wang et al., 2023) to effectively filter 381

and curate the generated data. 382

Monte Carlo estimation is a strategy for auto- 383

mated annotation that leverages LLMs or MLLMs 384

to generate multiple subsequent solutions for each 385

step. When applying MC estimation to evaluate a 386

step ri, we use an LLM or an MLLM as a ‘com- 387

pleter’ to finalize multiple subsequent reasoning 388

processes from this step: 389

fcomleter 7→ {(rji+1, . . . , r
j
Lj
, aj)}mj=1, (8) 390

where aj is the final answer of the j-th finalized 391

solution and Lj is the total number of steps. 392

Within MC estimation, one type of evaluation 393

method is commonly applied: hard estimation. In 394

hard estimation, a step ri is deemed correct if at 395

least one subsequent solution reaches the correct 396

final answer a∗; otherwise, it is incorrect: 397

lHE
i =

{
1, ∃aj , aj = a∗,

0, otherwise.
(9) 398

In our data construction process, we employ hard 399

estimation to label the correctness of individual 400

reasoning steps. By integrating LLM-as-a-judge 401

technique and MC estimation, we compare the la- 402

bels acquired by MC estimation and judgments 403

generated by GPT-4o. Data samples that receive 404

consistent evaluations from both methods are se- 405

lected as our final training dataset. By integrating 406

these two methods, we aim to further enhance the 407

reliability and quality of the training data, ensuring 408

better performance of GM-PRM. 409
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3.3 Refined-BoN Process410

When applying Test-time Scaling (TTS) for LLMs411

and MLLMs, a widely adopted method is Best-of-412

N (BoN) approach. In the BoN process, a policy413

model is employed to generate N candidate solu-414

tions, which are then evaluated by reward models415

or self-consistency to select the optimal solution.416

However, during the BoN process, policy mod-417

els are under identical prompting conditions when418

generating multiple solutions, which leads to the419

problem that the solutions often lack diversity and420

may exhibit limited correctness. In our work, we421

propose a novel Refined-BoN framework utilizing422

TTS techniques to enhance the diversity and accu-423

racy of generated solutions, thereby improving the424

reasoning capabilities of policy models.425

3.3.1 Refined-BoN Method426

As shown in Figure 2, in Refined-BoN process, we427

first employ an MLLM as the policy model to gen-428

erate N/2 initial solutions to a multimodal problem,429

and then these solutions are evaluated step-by-step430

by GM-PRM. For the subsequent N/2 solutions,431

the policy model generates them under varying con-432

ditions, informed by the evaluation of the preceding433

N/2 solutions: If GM-PRM identifies an incorrect434

reasoning step within a solution, it stops evaluating435

and refines the first erroneous step by generating a436

corrected version. This corrected step, along with437

all previously validated correct steps, is then input438

back into the policy model to continue the solution439

generation process. Conversely, if GM-PRM de-440

termines that all steps in a particular solution are441

correct, we employ the policy model to generate a442

new solution using the same prompt. Through this443

regeneration mechanism, we obtain the additional444

N/2 solutions. Then, we employ GM-PRM to445

evaluate the subsequent N/2 solutions.446

3.3.2 Solution Selection447

After applying the Refined-BoN process, we obtain448

N solutions for each problem, each accompanied449

by step-level correctness judgments. Moreover, we450

divide all the solutions into two categories: one451

where GM-PRM judges that it contains incorrect452

steps, and the other where GM-PRM judges that453

all its steps are correct. Furthermore, we take the454

corresponding probability of GM-PRM generating455

the associated “Correct” and “Incorrect” tokens as456

the score of each step.457

Among the N generated solutions, if there exist458

solutions in which all reasoning steps are judged459

correct, we calculate the average of the scores of all 460

steps in these solutions as the overall score of the 461

solution, and select the solution with the highest 462

average score as the optimal solution. 463

For N solutions to the problem, if GM-PRM 464

determines that all N solutions contain incorrect 465

steps, we calculate the average score of all steps 466

in each solution as the overall score of the solu- 467

tion, and select the solution with the highest overall 468

score as the final answer. 469

4 Experiments 470

In this section, we introduce our experimental setup 471

to assess GM-PRM under the Refined-BoN pro- 472

cess on five multimodal mathematical benchmarks 473

in Section 4.1. In addition, we present the results 474

of our experiments and three conclusions analyzed 475

from the results in Section 4.2. Finally, we show 476

the ablation studies in Section 4.3. 477

4.1 Experimental Setup 478

4.1.1 Benchmarks 479

We evaluate GM-PRM across five datasets, includ- 480

ing MathVista (Lu et al., 2023), MathVision (Wang 481

et al., 2024), MathVerse (Zhang et al., 2024), Dy- 482

naMath (Zou et al., 2024) and WeMath (Qiao et al., 483

2024). The datasets contain diverse problem types, 484

such as plane geometry, functions, puzzle tests, etc. 485

We use Vision-Only subset of MathVerse dataset 486

and Plane-Geometry subset of DynaMath. 487

4.1.2 Settings 488

We employ GM-PRM as the critic model for 489

Refined-BoN evaluation and set N to 8 by de- 490

fault.We select six models as the policy models to 491

generate step-by-step reasoning processes. When 492

reasoning, we set the temperature of the policy 493

models to 0.7 and top-p to 0.9. For comparison, 494

we use the average accuracy of N sets of answers 495

generated by policy models as baselines. 496

4.1.3 Training Details 497

To train GM-PRM, we use Qwen2.5-VL-7B- 498

Instruct as our base model and perform supervised 499

fine-tuning (SFT) with all parameters trainable but 500

the frozen Vision Transformer (ViT) encoder. Dur- 501

ing the training process, we utilize bfloat16 mixed- 502

precision and DeepSpeed with zero3 technology 503

and set the training consists of 2 epochs. For batch 504

size, the batch size on each training device is set to 505

2, and through gradient accumulation, the effective 506

batch size is extended to 16. Moreover, we use two 507
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MLLMs MathVista MathVision MathVerse DynaMath WeMath Average

MiniCPM-V2.6-8B 44.3 16.0 18.9 22.6 38.6 28.1
+ GM-PRM (Ours) 51.0 18.1 24.4 25.7 51.0 34.0

Improvements +6.7 +2.1 +5.5 +3.1 +12.4 +5.9

Llama-3.2-11B-Vision 44.5 14.3 16.5 28.4 46.1 30.0
+ GM-PRM (Ours) 49.5 18.2 18.8 32.7 53.4 34.5

Improvements +5.0 +3.9 +2.3 +4.3 +7.3 +4.5

Qwen2.5-VL-7B 63.2 25.1 32.8 35.0 60.6 43.3
+ GM-PRM (Ours) 65.0 28.2 37.4 39.2 69.0 47.8

Improvements +1.8 +3.1 +4.6 +4.2 +8.4 +4.5

InternVL3-8B 50.6 20.3 25.0 27.0 50.9 34.8
+ GM-PRM (Ours) 55.7 22.2 31.7 33.4 59.2 40.4

Improvements +5.1 +1.9 +6.7 +6.4 +8.3 +5.6

InternVL3-38B 68.3 34.9 37.8 40.1 66.4 49.5
+ GM-PRM (Ours) 69.9 37.0 39.1 43.1 72.9 52.4

Improvements +1.6 +2.1 +1.3 +3.0 +6.5 +2.9

InternVL3-78B 68.0 34.6 36.0 38.1 65.7 48.5
+ GM-PRM (Ours) 70.7 37.1 40.6 39.9 72.2 52.1

Improvements +2.7 +2.5 +4.6 +1.8 +6.5 +3.6

Table 1: Percentage accuracy scores (%) of multiple MLLMs across five datasets. For each MLLM, the first
row shows the baseline, the second shows the final result with GM-PRM, and the third shows the improvement.
Only positive improvements are underlined. The best results are highlighted in bold. All values are reported after
rounding to three decimal places.

A800 GPUs to train GM-PRM, and the AdamW508

optimizer is used with an initial learning rate of509

1 × 10−5. The learning rate schedule involves a510

linear warm-up with the warm-up ratio equal to511

0.05 followed by linear decay.512

4.2 Main Results513

As shown in Table 1, integrating GM-PRM with514

the Refined-BoN process consistently improves per-515

formance across five different benchmark datasets516

for six different MLLMs. On average, our method517

yields notable accuracy gains, with improvements518

of +5.9 for MiniCPM-V2.6-8B, +4.5 for Llama-3.2-519

11B-Vision, +4.5 for Qwen2.5-VL-7B, and +5.6520

for InternVL3-8B.521

A closer look at dataset-level results reveals that522

the improvements are not uniform. The WeMath523

benchmark shows the most significant enhance-524

ment, with MiniCPM-V2.6-8B improving by +12.4525

points, highlighting the ability of our method to526

strengthen mathematical reasoning on challenging527

problems. Similarly, MathVerse and DynaMath528

exhibit consistent gains of +4.5–6.7 points across529

multiple models, suggesting that our approach par-530

ticularly benefits datasets requiring complex sym-531

bolic manipulation and multi-step reasoning. In532

contrast, MathVision improvements are more mod-533

est (+1.9–3.9), indicating that the visual reasoning534

component may already be relatively strong in base-535

line models.536

GM-PRM combined with the Refined-BoN 537

process demonstrates strong generalization 538

across diverse multimodal mathematical prob- 539

lems, with particularly remarkable gains in 540

plane geometry tasks. As illustrated in Figure 541

4, even after excluding plane geometry and func- 542

tion problems, policy models still achieve notable 543

improvements across the datasets. This indicates 544

that although GM-PRM is primarily trained on 545

a dataset composed of plane geometry and func- 546

tion problems, it generalizes effectively to other 547

types of multimodal mathematical problems. More- 548

over, as shown by the averaged results in Figure 549

4, the improvements achieved by GM-PRM with 550

Refined-BoN on plane geometry problems consis- 551

tently exceed those on the overall dataset, function 552

problems, and other categories, underscoring the 553

exceptional effectiveness of our method in tackling 554

plane geometry tasks. 555

The Refined-BoN process yields dispropor- 556

tionately larger gains for models with lower 557

baseline performance. As shown in Table 1, 558

InternVL3-38B starts with the highest initial av- 559

erage accuracy among all policy models (49.5%) 560

and achieves a modest improvement of +2.9 points 561

(+5.9%). In contrast, Qwen2.5-VL-7B, which has 562

the highest baseline accuracy (43.3%) among mod- 563

els with fewer than 12 billion parameters, improves 564

by +4.5 points (+10.4%), surpassing the relative 565

gains of InternVL3-38B. Notably, MiniCPM-V-2.6- 566
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(a) MiniCPM-V-2.6-8B (b) Qwen2.5-VL-7B (c) InternVL3-78B

Figure 3: The results of changing the value of N in the Refined-BoN process on the WeMath across different
policies. As N increases, the effectiveness of GM-PRM in enhancing accuracy improves and surpasses that of
Self-Consistency.

Figure 4: Improvements of the average percentage accu-
racy (%) of multiple MLLMs across different question
types in MathVista, MathVision and MathVerse.

8B demonstrates the most significant relative im-567

provement, achieving +5.9 points (+21.0%), de-568

spite its lower initial score. These results suggest569

that models with weaker baseline performance ben-570

efit more from the refinement mechanism of GM-571

PRM with Refined-BoN, likely because the pro-572

cess effectively corrects errors in reasoning steps,573

leaving greater room for improvement.574

4.3 Number of solution samples N in575

Refined-BoN576

Following Test-time Scaling technique, we vary the577

number of N in the Refined-BoN process to evalu-578

ate the performance of GM-PRM in comparison579

to the Self-Consistency baseline.580

Figure 3 depicts WeMath accuracy as the581

number of sampled solutions per problem (N )582

increases from 1 to 8. Across all three backbones—583

MiniCPM-V-2.6-8B, Qwen2.5-VL-7B, and584

InternVL3-78B—both GM-PRM and the585

Self-Consistency (SC) baseline benefit from a586

larger sampling budget, yet GM-PRM exhibits a587

noticeably steeper growth curve.588

Under the widely adopted Best-of-8 setting, GM-589

PRM delivers gains of 4.9 and 3.5 over SC on590

MiniCPM-V-2.6-8B and Qwen2.5-VL-7B, respec- 591

tively. Even for the 78B-parameter InternVL3, 592

GM-PRM maintains a substantial 4.1 margin. 593

These results indicate that the proposed refine- 594

ment strategy in this paper not only scales to 595

larger models but also converts additional candi- 596

date solutions into accuracy more effectively than 597

Self-Consistency, thereby underscoring the robust- 598

ness and versatility of GM-PRM. 599

Furthermore, for MiniCPM-V-2.6-8B, GM- 600

PRM surpasses the self-consistency baseline by 601

2.1, 2.2, and 4.9 points under the Best-of-4, Best- 602

of-6, and Best-of-8 settings, respectively, indicat- 603

ing a steadily increasing performance gap between 604

GM-PRM and self-consistency as N increases. 605

5 Conclusion 606

In this work, we introduced GM-PRM, a novel 607

paradigm that transforms the reward model from 608

a passive judge into an active reasoning collabora- 609

tor for multimodal mathematics problem solving. 610

By providing fine-grained, interpretable analysis 611

and, more critically, generating step-level correc- 612

tions for erroneous steps, GM-PRM moves beyond 613

simple binary verification. This unique corrective 614

capability powers our Refined Best-of-N (Refined- 615

BoN) framework, which actively improves flawed 616

reasoning trajectories during inference at test time. 617

Our experiments demonstrate that this approach 618

achieves state-of-the-art results on multiple bench- 619

marks, significantly boosting policy model perfor- 620

mance with remarkable data efficiency. The consis- 621

tent gains across diverse models and problem types 622

underscore the robustness and generalizability of 623

our method. This shift from passive error detection 624

to generative, collaborative correction represents a 625

crucial advance in multimodal reasoning. 626
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Limitations627

Our approach has several limitations that are im-628

portant to note. First, GM-PRM is trained on a629

curated subset of VisualPRM400K focusing primar-630

ily on plane geometry and function-related prob-631

lems. Although we observe encouraging transfer632

to other categories (e.g., Figure 4), performance633

may degrade under larger domain shifts such as634

puzzle-style questions, diagram-heavy word prob-635

lems, or open-ended proof-like reasoning that re-636

quires global restructuring rather than local step637

repair. Second, our training signals depend on GPT-638

4o-generated analyses/refinements and are further639

filtered using hard Monte Carlo (MC) estimation;640

both components can introduce systematic label641

noise and biases (e.g., overconfidence on visually642

ambiguous cues or preference for certain solution643

styles), which may be inherited by GM-PRM. Fi-644

nally, our refinement mechanism corrects only the645

first detected erroneous step; when errors are en-646

tangled across multiple steps, or when fixing one647

step necessitates revising earlier assumptions or648

downstream derivations, the refinement may be in-649

sufficient and can occasionally yield plausible but650

incorrect corrections. In addition, we freeze the651

ViT encoder during SFT, which may limit gains on652

inputs where stronger low-level visual perception653

is the primary bottleneck.654
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A Appendix968

A.1 More Related Work969

A.1.1 Multimodal Large Language Models970

(MLLMs)971

The advancement of artificial intelligence has ad-972

vanced the development of Multimodal Large Lan-973

guage Models (MLLMs). MLLMs extend the ca-974

pabilities of language-centric models by integrat-975

ing multiple sensory inputs, primarily visual and976

auditory, with text. Unlike traditional Large Lan-977

guage Models (LLMs) which process solely tex-978

tual data, MLLMs are designed to perceive and979

reason across modalities such as vision and lan-980

guage, thereby achieving the fusion and interaction981

of multimodal information. The development of982

MLLMs has been driven by extensive efforts, in-983

cluding enhancements across model structure and984

data curation. In terms of model structure, multi-985

ple studies (Bai et al., 2025; Liu et al., 2023; Yao986

et al., 2024) achieve notable performance through987

a method that utilizing connectors to align the em-988

beddings of vision from Vision Foundation Models989

(VFMs) (Chen et al., 2024) with the latent space of990

LLMs (Bai et al., 2023; Touvron et al., 2023a,b).991

Alternatively, another line of research (Grattafiori992

et al., 2024; Tian et al., 2024) enhances pre-trained993

LLMs by adding supplementary layers to integrate994

visual features, which reduces the number of vi-995

sual tokens but incurs additional training costs.996

Regarding dataset curation, recent research has997

achieved substantial advancements. Specifically,998

MultimodalC4 (Zhu et al., 2023) extends C4 corpus999

containing only text with images and constructs a1000

corpus that supports pre-training for MLLMs. Fur-1001

thermore, OmniCorpus (Li et al., 2024) delivers a1002

large-scale yet noisy multimodal dataset suitable1003

for pre-training, and MMInstruct (Liu et al., 2024b)1004

presents an open-source collection of high-quality1005

data designed for instruction tuning. The majority1006

of research efforts have been concentrated on the1007

training processes of MLLMs, leaving significant1008

room for exploration in Test-Time Scaling (TTS) 1009

technique. In our work, we investigate the poten- 1010

tial of enhancing the performance of MLLMs by 1011

incorporating Process Reward Model (PRM) into 1012

the TTS framework. 1013

A.2 More Ablation Study 1014

A.2.1 Methods for aggregating step scores 1015

For PRMs, the method used to aggregate step 1016

scores into an overall solution score plays a criti- 1017

cal role. In this part, we compare several different 1018

aggregation strategies, including averaging step 1019

scores, selecting the maximum step score, and se- 1020

lecting the minimum step score. Since step-by-step 1021

solutions that contain steps judged incorrect are 1022

often not evaluated or scored for all steps, this ex- 1023

periment focuses exclusively on solutions where 1024

all steps are judged correct.

Figure 5: Average percentage accuracy (%) of MLLMs
via different aggregation methods across five datasets.

1025
The results are illustrated in the Figure 5. Across 1026

all policy models and datasets, we find that both 1027

averaging the step scores and selecting the mini- 1028

mum score significantly outperform the strategy of 1029

selecting the maximum score. This suggests that 1030

either the average or the minimum score provides 1031

a more accurate reflection of the overall quality of 1032

a solution than the maximum score. Between the 1033

minimum and average aggregation methods, we ob- 1034

serve that averaging performs slightly better. This 1035

improvement may stem from the fact that the av- 1036

erage score takes into account all problem-solving 1037

steps, providing a more comprehensive evaluation, 1038

whereas the minimum score reflects only the step 1039

with the lowest score and thus offers a less holistic 1040

assessment. 1041

A.2.2 Refined-BoN vs. BoN 1042

The Refined-BoN process aims to enhance the di- 1043

versity of N candidate solutions by refining the 1044

steps judged incorrect and integrating the refined 1045
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steps with the steps judged correct into the prompt1046

for the policy models. In this part, we use the1047

Pass@k metric to evaluate the diversity and accu-1048

racy of policy models in generating multiple solu-1049

tions to the given problems.1050

The results are summarized in the Table 2. Over-1051

all, the Refined-BoN process improves Pass@81052

scores compared to the standard BoN process1053

across multiple policy models and five benchmark1054

datasets. Specifically, it increases the average1055

Pass@8 values of MiniCPM-V-2.6-8B, Llama-3.2-1056

11B-Vision, and InternVL3-8B by 0.9, 1.3, and 0.91057

points, respectively, across the five datasets, demon-1058

strating the effectiveness of the Refined-BoN ap-1059

proach in enhancing the diversity and correctness1060

of the generated solutions.1061

MLLMs BoN Refined-BoN Diff.
MiniCPM-V-2.6-8B 62.5 63.4 +0.9
Llama-3.2-11B-Vision 62.7 64.0 +1.3
InternVL3-8B 65.3 66.2 +0.9

Table 2: Average percentage Pass@8 scores of BoN and
Refined-BoN across five datasets for different models.

A.3 Benchmark1062

We provide more details about the Refined-BoN1063

test benchmarks in Table 3:1064

Benchamrks Split # Sample
DynaMath Plane Geometry 770
MathVerse Vision-Only 788
MathVista Testmini 1000
WeMath Testmini 1740
MathVision Full 3040

Table 3: More details about the Refined-BoN test bench-
marks.

A.4 Dataset1065

To ensure a balanced distribution of process labels,1066

we carefully construct the training dataset. The fi-1067

nal dataset used to train GM-PRM contains 19,6141068

samples in total, comprising 9,061 solutions that1069

contain incorrect steps—as jointly identified by1070

GPT-4o and Monte Carlo (MC) estimation—and1071

10,553 solutions in which all steps are judged to be1072

correct.1073

A.5 Prompt1074

In this section, we introduce the prompts used to1075

construct the training dataset and generate the rea-1076

soning processes and final answers. The prompt we1077

guide the policy models to generate reasoning pro- 1078

cesses and final answers of multi-choice problems 1079

is represented in Figure 6. 1080

Figure 6: Prompt for policy models to generate reason-
ing and final answers of multi-choice problem.

The prompt we guide the policy models to gen- 1081

erate reasoning processes and final answers of free- 1082

form problems is represented in Figure 7. 1083

Figure 7: Prompt for policy models to generate reason-
ing and final answers of free-form problem.

The prompt we use to employ GPT-4o to gener- 1084

ate the training dataset is shown in Figure 8. 1085

A.6 More Cases 1086

We collect 2 more cases of GM-PRM and the 1087

Refined-BoN process illustrated in Figure 9 and 1088

10. 1089
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Figure 8: Prompt for GPT-4o to construct training dataset.
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Figure 9: The illustration of a representative example before and after applying GM-PRM. In particular, GM-PRM
first judges the steps of the original solution generated by the policy model. Subsequently, GM-PRM finds that the
forth step is incorrect regarding reasoning logic and refines the forth step to generate the correct version. The correct
steps are input to the policy model to generate the refined solution, and finally the correct answer is obtained.
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Figure 10: The illustration of a representative example before and after applying GM-PRM. In particular, GM-PRM
first judges the steps of the original solution generated by the policy model. Subsequently, GM-PRM finds that the
forth step is incorrect regarding reasoning logic and refines the forth step to generate the correct version. The correct
steps are input to the policy model to generate the refined solution, and finally the correct answer is obtained.
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