
When Models Judge Themselves: Unsupervised Self-Evolution for
Multimodal Reasoning

Anonymous ACL submission

Abstract001

Recent progress in multimodal large language002
models has led to strong performance on rea-003
soning tasks, but these improvements largely004
rely on high quality annotated data, which005
is costly and difficult to scale. To address006
this, we propose an unsupervised self-evolution007
training framework for multimodal reasoning008
that achieves stable performance improvements009
without using human-annotated answers or ex-010
ternal reward models. For each input, we sam-011
ple multiple reasoning trajectories and jointly012
model their within group structure. We use013
the Actor’s self-consistency signal as a train-014
ing prior, and introduce a bounded Judge based015
modulation to continuously reweight trajecto-016
ries of different quality. We further model the017
modulated scores as a group level distribution018
and convert absolute scores into relative advan-019
tages within each group, enabling more robust020
policy updates. Trained with Group Relative021
Policy Optimization (GRPO) on unlabeled data,022
our method consistently improves reasoning023
performance and generalization on five mathe-024
matical reasoning benchmarks, including Math-025
Vision and DynaMath, offering a scalable path026
toward self-evolving multimodal models.027

1 Introduction028

In recent years, multimodal large language models029

(MLLMs) have demonstrated remarkable progress030

in vision–language reasoning tasks. These models031

have achieved impressive performance on a wide032

range of benchmarks, including visual mathemat-033

ical reasoning(Huang et al., 2025b), chart under-034

standing(Tang et al., 2025), and complex scene035

inference(Liang et al., 2025).036

Despite the progress discussed above, recent037

gains in multimodal reasoning largely rely on high-038

quality, large-scale training data and strong su-039

pervision(Li et al., 2025). This supervision typ-040

ically comes from carefully annotated answers041

and reasoning traces(Safaei et al., 2025), or from042

evaluation models trained on costly preference 043

data(Yasunaga et al., 2025). However, the sup- 044

ply of such supervision is approaching a scale limit. 045

Especially with the growing demand for longer- 046

horizon dependencies(Bai et al., 2024) and broader 047

open-world diversity in reasoning tasks(Conti et al., 048

2025), building reliable datasets at scale becomes 049

increasingly expensive and difficult to sustain. Un- 050

der this constraint, researchers have started to ex- 051

plore self-evolving post-training for multimodal 052

large models, aiming to improve reasoning ability 053

while reducing reliance on human annotations and 054

external supervision(Wang et al., 2025b). 055

MLLM self-evolution aims to further improve a 056

model’s reasoning ability using unlabeled or self- 057

synthesized data, without relying on human annota- 058

tions. However, this paradigm faces a fundamental 059

challenge: training signals generated by the model 060

itself are inherently noisy. Directly applying post- 061

training optimization on top of such signals can 062

therefore lead to unstable training dynamics. To 063

mitigate this issue, existing methods(Wei et al., 064

2025; Thawakar et al., 2025) often reduce the train- 065

ing signal to a single scalar, for example by using 066

majority voting to form pseudo-labels and updat- 067

ing model parameters accordingly. In practice, this 068

strategy provides a “bootstrapped” approximation 069

of stable supervision: it reduces the noise of a sin- 070

gle sample and aligns the training objective with 071

output patterns that are relatively consistent under 072

the current policy distribution. Nevertheless, this 073

simplification comes with clear limitations. As 074

illustrated in Fig 1, high consistency does not nec- 075

essarily imply high quality; it may instead reflect 076

systematic biases of the model, which can be am- 077

plified during long-term training and suppress ef- 078

fective exploration. Moreover, the training signal 079

fails to capture fine-grained differences between 080

candidates and can further trigger response-length 081

collapse. As training proceeds, rewards often con- 082

centrate quickly on a few dominant modes, causing 083
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Figure 1: Limitation of majority voting in unsupervised self-evolution.Right: An example where the most frequent
answer is incorrect. Majority voting reinforces this dominant error, while our method favors higher-quality reasoning
paths through Judge modulation.Left: Results on MathVision(Wang et al., 2024) and DynaMath(Zou et al., 2024)
show that our approach consistently outperforms majority-voting-based self-training.

optimization to saturate early and pushing the pol-084

icy toward a low-entropy output distribution.085

In light of these limitations,we argue that stable086

unsupervised self-evolution requires more than con-087

structing a more accurate pseudo-label. It also calls088

for explicitly modeling and optimizing the relative089

structure among candidate solutions for the same090

input. Motivated by this insight, we propose a self-091

evolving training framework. Specifically, we in-092

stantiate two roles from a single multimodal model:093

an Actor and a Judge. Given an input, the Actor094

samples multiple reasoning trajectories, forming095

the model’s current self-consistency distribution.096

The Judge evaluates each trajectory and maps its097

output to a bounded, continuously differentiable098

modulation signal, which reshapes the Actor’s ini-099

tial self-consistency distribution. On the optimiza-100

tion side, we further construct training rewards in101

a group-wise, distributional manner. For multi-102

ple trajectories generated from the same input, we103

apply an energy-based normalization to compare104

them relatively, converting absolute scores that are105

not directly comparable across samples into within-106

group relative advantages. In this way, training no107

longer simply amplifies early dominant modes. In-108

stead, our framework can distinguish fine-grained109

quality differences among reasoning trajectories110

for the same input and adjust the model’s output111

distribution accordingly, leading to more effective112

improvements in reasoning ability.113

We conduct a series of experiments to analyze114

the limitations of existing paradigms for modeling115

training signals. Based on these observations, we116

further propose and validate a collaborative model-117

ing paradigm. This paradigm leads to more sta- 118

ble training behavior across benchmarks, as re- 119

flected by healthier entropy trajectories and re- 120

duced response-length collapse. It also delivers 121

more effective performance improvements. For 122

instance, on MathVision(Wang et al., 2024), our 123

unsupervised post-training achieves up to a +5.9 ab- 124

solute improvement in accuracy (30.9% vs. 25.0%). 125

Importantly, the entire training pipeline does not 126

rely on ground-truth labels, additional metadata, or 127

any external reward model at any stage. In sum- 128

mary, our main contributions are as follows: 129

1. We propose a new framework for unsuper- 130

vised post-training of large multimodal mod- 131

els, enabling sustained self-improvement with- 132

out any external supervision. 133

2. Through extensive empirical analysis, we 134

identify common failure modes in unsuper- 135

vised self-evolution and mitigate them by 136

modeling and optimizing the within-input rel- 137

ative structure among candidate solutions. 138

3. We evaluate our method on multiple mathe- 139

matical reasoning benchmarks and observe 140

accuracy improvements after multiple itera- 141

tions under different training data settings. 142

2 Related work 143

Recent advances show that reinforcement learning 144

(RL) enhances the reasoning ability of large lan- 145

guage models (LLMs), with representative systems 146

including DeepSeek-R1(DeepSeek-AI et al., 2025) 147

and Kimi-K1.5(Team et al., 2025). Under appropri- 148

ately designed optimization objectives, models can 149
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gradually acquire more long-term strategic reason-150

ing behaviors. These advances are largely enabled151

by effective RL-based optimization frameworks, in-152

cluding PPO(Schulman et al., 2017), DPO(Rafailov153

et al., 2023), GRPO(Shao et al., 2024a), DAPO(Yu154

et al., 2025), and GSPO(Zheng et al., 2025).155

2.1 Multi-modal Reasoning156

Motivated by the success of verifiable rewards in157

LLM reasoning, recent studies(Shen et al., 2025)158

have begun to explore post-training and R1-style159

reinforcement learning in multimodal settings. In-160

stead of relying on subjective human preferences,161

these methods(Yang et al., 2025; Huang et al.,162

2025b) derive reward signals from objectively ver-163

ifiable signals, enabling more stable reasoning164

optimization. Empirical results show that when165

rewards are verifiable or targets are well struc-166

tured, RL-style post-training leads to stable im-167

provements on multimodal reasoning tasks.168

To address this limitation, another line of re-169

search(Liu et al., 2025b) explicitly introduces re-170

flection mechanisms to improve robustness during171

reasoning. For example, VL-Rethinker(Wang et al.,172

2025a) studies self-reflection in multimodal reason-173

ing and examines the trade-off between reasoning174

benefits and computational cost. Building on this175

idea, later work(Cheng et al., 2024; Wang et al.,176

2025c) integrates reflection into training by using177

structured reflection steps or learning an explicit178

critic for evaluation. Despite this progress, effec-179

tive reasoning post-training still depends on high180

quality training signals, and designing informative181

reward functions remains expensive.182

2.2 Self-Evolving In Large Language Models183

Unsupervised self-evolution has been explored to184

some extent in large language models(Shafayat185

et al., 2025). A core idea is that, even without186

ground-truth answers, test-time scaling strategies187

(e.g., majority voting) can provide useful relative188

correctness signals(Zuo et al., 2025; Liu et al.,189

2025a). In parallel, some work(Zhang et al., 2025;190

Zhao et al., 2025b) uses reinforcement learning191

with internal feedback, treating model-internal sig-192

nals (e.g., confidence) as rewards and eliminat-193

ing the need for external annotations. Absolute194

Zero(Zhao et al., 2025a) studies a fully data-free195

setting where the model generates tasks and uses196

executable checkers to verify answers, providing a197

self-driven curriculum and RLVR signals. Building198

on this idea, R-Zero(Huang et al., 2025a) uses a199

Challenger–Solver co-evolution framework to gen- 200

erate suitable problems. 201

Recently, self-evolution has also been extended 202

to multimodal large language models. MM- 203

UPT(Wei et al., 2025) uses majority voting 204

over multiple sampled answers to form pseudo- 205

rewards, enabling continual improvement on mul- 206

timodal reasoning data without ground-truth la- 207

bels. EvoLMM(Thawakar et al., 2025) uses a 208

Proposer–Solver loop and derives continuous self- 209

rewards from internal consistency signals. Vis- 210

Play(He et al., 2025) uses a Questioner–Reasoner 211

role split and applies GRPO with diversity rewards 212

to balance question complexity and answer quality, 213

enabling autonomous evolution from unlabeled im- 214

ages. However, most of these methods use majority 215

voting as the main training signal, which primar- 216

ily reinforces consistency under the current output 217

distribution. Over long-term training, this can bias 218

the model toward early dominant patterns and limit 219

exploration. 220

3 Method 221

As shown in Fig. 2, we propose an unsupervised 222

self-evolution framework for multimodal large 223

models. By jointly modeling multiple reasoning 224

trajectories generated from the same input, our 225

approach enables stable and sustained improve- 226

ments in reasoning ability. Specifically, Sec. 3.1 227

constructs a consistency-based initial reward for 228

the Actor from repeated rollouts under the same 229

input. Sec. 3.2 introduces a Judge to provide a 230

bounded and continuous modulation of this reward. 231

Finally, Sec. 3.3 models the modulated rewards as 232

a group-wise distribution to support more robust 233

policy updates in the unsupervised setting. 234

3.1 Consistency-Based Initial Reward for the 235

Actor 236

We consider an unsupervised multimodal reasoning 237

sample consisting of an image–question pair x = 238

(I, q). Given the current policy πθ, we perform n 239

rollouts for the same input x, resulting in a set of 240

candidate reasoning trajectories: 241

T (x) = {τi}ni=1, τi ∼ πθ(· | x). (1) 242

Each trajectory τi is associated with a final answer 243

ai ∈ A, whereA denotes the set of unique answers 244

produced for the input x under the current rollouts. 245

For each answer a ∈ A(x), we define its count and 246

3



This is a parallelogram.

Q:What is the 
value of x?

Actor model
... ...

3

11

5
5

Major vote

A1

A2

A2

A3

A1

A2

A3

50%

37.5%

12.5
%

Score
0

0
1

Self-consistency

0.5
0.375

0.125

pseudo label

  Answer
Distribution

Reasoning
+Answer

Judge

Same as 
the initial
Actor model

Answer Correctness

Trajectory-level  
     evaluator

Reasoning Quality

Visual Grounding

0 1

0 1
... ...

0 1

score kS

0.90

0.80

0.20

Score Calibration

],[)( basg k 

Score1

Score2

Score1

Score2

Group-relative Energy
-based optimization

 )exp(log jkk rrAkk Rr 

Trainable Frozen

Figure 2: Overview of the proposed unsupervised self-evolution framework.The Actor generates multiple
reasoning trajectories for the same input, while a frozen Judge provides bounded score modulation. The final
rewards are optimized in a group-wise, distributional manner to enable stable policy updates without external
supervision.

the corresponding empirical distribution as:247

c(a) =

n∑
i=1

I[ai = a], p̂(a) =
c(a)

n
. (2)248

We then define the initial reward of each trajectory249

τi as the empirical frequency of its answer:250

rSCi ≜ p̂(ai) =
1

n

n∑
j=1

I[aj = ai]. (3)251

Under this formulation, when multiple sampled252

trajectories agree on the same final answer, the253

corresponding empirical probability p̂(a) becomes254

larger, and all trajectories associated with that an-255

swer receive higher rewards accordingly.256

Consistency-Based Rewards vs. Majority Vot-257

ing. Unlike supervised learning, training signals258

in unsupervised self training are typically gener-259

ated by the model itself and therefore inevitably260

contain noise and bias. Applying reinforcement261

learning based optimization on top of such signals262

often leads to gradient fluctuations and unstable263

training. The most common paradigm for unsuper-264

vised self training is majority voting, which treats265

the most frequent answer as the sole training signal.266

Formally, it selects the majority answer as:267

a⋆ = arg max
a∈A(x)

p̂(a), (4)268

and assigns a binary reward to each trajectory:269

rMV
i = I[ai = a⋆]. (5)270

From the perspective of training signals, major- 271

ity voting is often effective in unsupervised self- 272

training because it provides a simple denoising 273

mechanism. By aggregating multiple samples from 274

the same input, it encourages the learning objective 275

to align with outputs that are more consistent under 276

the policy distribution, thereby reducing the ran- 277

domness of single-sample supervision. Compared 278

with using raw frequency-based signals, binarized 279

pseudo-labels also offer a clearer optimization di- 280

rection, making it easier for policy updates to ob- 281

tain noticeable improvements in the early stage. 282

However, an answer that becomes dominant 283

early in training does not necessarily correspond 284

to a higher-quality reasoning path. At the same 285

time, the initial answer distribution encodes rich 286

structural information about the model’s output 287

behavior, such as the relative proximity between 288

dominant and secondary modes. Majority voting 289

discards this information entirely, retaining only 290

the identity of the most frequent answer. 291

As a result, once an answer becomes dominant 292

at an early stage, the binary reward further ampli- 293

fies its advantage, driving the policy distribution 294

toward that mode and suppressing exploration of 295

alternative reasoning trajectories. Over long-term 296

training, this mechanism encourages rapid collapse 297

toward low-entropy, near-deterministic policies. In 298

contrast, consistency-based rewards preserve the 299

relative strength of the empirical distribution, lead- 300

ing to a smoother training signal and better main- 301

taining effective exploration during optimization. 302
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3.2 Calibrating Consistency Rewards with a303

Judge304

The initial reward assigned to the Actor primarily305

reflects the degree of self-consistency under the306

current policy, rather than directly measuring the307

quality or correctness of the underlying reasoning.308

In practice, the model may converge to a pseudo-309

stable state during training.310

To address this issue, we introduce a Judge mod-311

ule that provides a continuous quality signal for312

each trajectory, serving as a correction to the initial313

reward. Specifically, at the beginning of training,314

we initialize the Judge as a structurally identical315

copy of the current Actor policy and keep its pa-316

rameters fixed throughout training. The Judge then317

outputs a raw score for each trajectory by jointly as-318

sessing answer correctness, reasoning quality, and319

visual grounding:320

sk = Jϕ(x, τk), sk ∈ [0, 1]. (6)321

Importantly, the Judge score sk is not used as the322

final reward directly. Instead, it serves as a mod-323

ulation factor to reweight the initial reward (see324

Sec. 3.3). To transform the raw Judge score into a325

stable and controllable modulation signal, we de-326

sign a calibration function g(s) that satisfies three327

desiderata: (1) it is continuously differentiable to328

support stable optimization; (2) it provides appro-329

priate encouragement for high-scoring trajectories330

and suppression for low-scoring ones; and (3) it is331

bounded, preventing Judge noise from being ampli-332

fied in the unsupervised training loop. Concretely,333

we adopt:334

g(s) = 1 + λ+ σ
(s− th

τh

)
− λ− σ

( tl − s

τl

)
, (7)335

where σ(·) denotes the sigmoid function, th and tl336

are the high-score and low-score gating thresholds,337

τh, τl > 0 control the smoothness of the gating tran-338

sitions, and λ+, λ− > 0 determine the maximum339

magnitude of reward amplification and suppression,340

respectively.341

This design incorporates the Judge as a bounded342

and continuous modulation signal rather than343

an absolute authority, thereby mitigating pseudo-344

consistency while avoiding excessive reliance on345

the Judge’s raw scale in the unsupervised training346

loop. More importantly, this joint modeling makes347

the training signal adaptive. As the policy distri-348

bution evolves, the Judge modulation continuously349

reshapes the reward signal, preventing optimization350

from simply locking into the current consensus and 351

enabling ongoing correction during training. 352

Meanwhile, we also consider a more direct al- 353

ternative that uses the Judge’s raw score sk as the 354

reward for optimization. This choice often leads to 355

instability in an unsupervised closed loop: since the 356

Judge scores are not comparable in scale across in- 357

puts, updates can be dominated by a small number 358

of high-scoring trajectories, causing rapid shifts in 359

the policy distribution. Such shifts can amplify the 360

impact of Judge noise or bias in the loop, eventually 361

resulting in premature convergence. 362

3.3 Distributional Modeling of the Final 363

Reward 364

For the k-th trajectory corresponding to the same 365

input x, the final reward is defined as: 366

Rk = rk · g(sk)− λfmt δk, (8) 367

where δk ∈ {0, 1} indicates whether the trajectory 368

violates the predefined output format constraints, 369

and λfmt = 0.5 is the corresponding penalty co- 370

efficient. We adopt Group Relative Policy Opti- 371

mization (GRPO)(Shao et al., 2024a) to perform 372

relative optimization over candidate trajectories 373

corresponding to the same input. For a given in- 374

put x, let the reward vector of its n trajectories be 375

r(x) = [r1, . . . , rn]. We first apply energy-based 376

scaling to the rewards: 377

r̃k = αRk, (9) 378

where α is a temperature parameter. We then define 379

a group-wise log-sum-exp baseline as: 380

b(x) = log
n∑

j=1

exp(r̃j), (10) 381

The resulting group-relative advantage is computed 382

as: 383

Ak(x) = r̃k − b(x). (11) 384

By modeling the final scores as a group-wise dis- 385

tribution, policy updates no longer collapse rapidly 386

to a deterministic mapping. Instead, the policy is 387

encouraged to gradually shift probability toward 388

better trajectories, while still keeping several rea- 389

sonable candidates. Moreover, this distributional 390

formulation suppresses the dominance of a small 391

number of abnormally high-scoring trajectories 392

over the gradient, thereby mitigating early collapse 393

driven by extreme values in unsupervised training. 394
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Overall, this group-wise distributional modeling395

shifts the optimization objective from chasing abso-396

lute high scores to continuously reshaping probabil-397

ity mass within each group, leading to more stable398

policy updates and reducing self-reinforcement of399

early dominant modes in the unsupervised loop. A400

more detailed analysis is provided in the appendix401

A. Finally, the GRPO objective for policy optimiza-402

tion can be written as:403

JGRPO(θ) = E

[
1

n

n∑
k=1

rclipk − β DKL

(
πθ(· | x)

∥∥∥πref(· | x)
)]

,

(12)404

rclipk = min
(
γk(θ)Ak, clip

(
γk(θ), 1− ϵ, 1 + ϵ

)
Ak

)
,

(13)405

γk(θ) =
πθ(τk | x)

πθold(τk | x) . (14)406

Here, the expectation is taken over training inputs407

x ∼ D and the corresponding trajectories {τk}nk=1408

sampled from the behavior policy πθold(· | x), Ak409

denotes the group-relative advantage for the k-th410

trajectory under input x, γk(θ) is the probability411

ratio between the current policy and the behavior412

policy, ϵ is the clipping threshold, and β controls413

the strength of the KL regularization toward the414

reference policy πref .415

4 Experiments416

4.1 Datasets and Training Details417

We train and evaluate our method in the domain418

of mathematical reasoning. This domain requires419

models to jointly perform visual perception and420

multi-step reasoning, and provides a natural setting421

for evaluating multimodal self-evolving training.422

Training Data. We use Geometry3k(Lu423

et al., 2021), GeoQA(Chen et al., 2021), and424

MMR1(Leng et al., 2025) as training datasets.425

Notably, during training we only provide the model426

with raw images and question texts, without access427

to any ground-truth answers. All experiments are428

conducted using Qwen2.5-VL-7B-Instruct(Bai429

et al., 2025) as the backbone model.430

Evaluation Benchmarks. We evaluate our431

method on several widely used multimodal mathe-432

matical reasoning benchmarks, including MathVi-433

sion(Wang et al., 2024), MathVerse(Lu et al., 2024),434

WeMath(Qiao et al., 2025), LogicVista(Xiao et al.,435

2024), and DynaMath(Zou et al., 2024), following436

their standard accuracy protocols. These bench- 437

marks cover a wide range of problem types, in- 438

cluding geometry, charts, and tables, and span 439

multiple disciplines with diverse visual mathe- 440

matical challenges. We compare our approach 441

against state-of-the-art multimodal unsupervised 442

self-evolving methods, including VisionZero(Wang 443

et al., 2025b), EvoLMM(Thawakar et al., 2025), 444

and MM-UPT (major-vote)(Wei et al., 2025), 445

as well as supervised training schemes such as 446

SFT(Tong et al., 2024) and RL-based(Shao et al., 447

2024b) methods. 448

Training Setup. We perform multimodal un- 449

supervised post-training using the Verl frame- 450

work(Sheng et al., 2024). Specifically, both the 451

actor model and the Judge model are initialized 452

from Qwen2.5-VL-7B-Instruct, with the Judge kept 453

frozen while the actor is trained using GRPO(Shao 454

et al., 2024a) for unsupervised reasoning improve- 455

ment. Training is conducted on a single node 456

equipped with 8× NVIDIA A800 GPUs (80GB). 457

We set the number of training epochs to 20 and 458

use the AdamW optimizer. For the Judge, the sam- 459

pling temperature is set to 1.0 with top-p sampling 460

of 0.9. The reward modulation parameters are set 461

to λ+ = λ− = 0.2, th = 0.95, tl = 0.40, and 462

τh = τl = 1. For distributional reward modeling, 463

the energy-based scaling coefficient is set to α = 1. 464

During actor training, each question is rolled out 465

with 8 trajectories. The KL-divergence constraint 466

coefficient in GRPO is set to β = 0.01 for training. 467

The learning rate is set to 1× 10−6, with a weight 468

decay of 1× 10−2 and a gradient norm of 1.0. 469

4.2 Experimental Results 470

Main Results. Table 1 summarizes comparisons 471

between our method and three categories of base- 472

lines: (1) the Qwen2.5-VL-7B model without train- 473

ing; (2) state-of-the-art multimodal unsupervised 474

self-evolving methods; and (3) supervised training 475

schemes, including SFT and RL (GRPO). All meth- 476

ods are evaluated using the same Qwen2.5-VL-7B 477

backbone under evaluation setting. 478

Without relying on any human-annotated an- 479

swers, our method achieves consistent improve- 480

ments across all three training datasets (MMR1, 481

GeoQA, and Geo3K). Specifically, the average 482

accuracy improves from 34.6 to 37.0 on MMR1 483

(+2.4), 37.0 on GeoQA (+2.4), and 37.9 on Geo3K 484

(+3.3). The improvements are more pronounced on 485

challenging benchmarks. For example, on Math- 486
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Training Data Method MathVision MathVerse WeMath LogicVista DynaMath Avg.
Performance on Qwen2.5-VL-7B

— Qwen2.5-VL-7B 25.0 44.2 37.1 46.3 20.3 34.6
Unsupervised self-Evolving

CLEVR VisionZero e 27.6 46.4 38.8 48.8 21.7 36.7
ImgEdit VisionZero � 27.4 46.8 38.5 49.1 21.3 36.6

Multi-Bench EvoLMM 25.8 44.7 37.6 46.9 21.0 35.2

MMR1 U
+SFT 27.3 45.0 38.3 48.1 22.9 36.3

+RL(GRPO) 29.3 47.4 39.3 49.4 23.3 37.7

MMR1
Major Vote 26.4 46.0 38.6 47.9 21.8 36.1

Ours 28.4 46.4 38.8 48.6 23.0 37.0

GeoQA U
+SFT 27.6 45.3 38.6 47.8 22.6 36.4

+RL(GRPO) 28.8 47.1 39.0 49.2 23.4 37.5

GeoQA
Major Vote 27.3 45.1 38.2 47.3 21.9 36.0

Ours 28.6 46.5 38.9 47.9 23.2 37.0

Geo3K U
+SFT 27.8 44.7 37.9 47.2 22.1 35.9

+RL(GRPO) 29.1 46.9 39.1 49.6 23.8 37.7

Geo3K
Major Vote 27.5 44.0 37.4 46.9 21.4 35.4

Ours 30.9 46.8 38.7 49.0 24.2 37.9

Table 1: Main results on multimodal mathematical reasoning benchmarks. We report accuracy (%) on five
math benchmarks. MajorVote corresponds to the MM-UPT method. U denotes supervised training. e indicates
VisionZero-Qwen-7B trained on CLEVR, while � denotes VisionZero-Qwen-7B trained on real-world data.

Method MathVision DynaMath Avg.

Qwen2.5-VL-7B 25.0 20.3 22.65
+ Major Vote 27.5 21.4 24.45+1.8

+ Self-Consistency 25.2 20.5 22.85+0.2

+ Judge Scoring 27.3 21.1 24.20+1.6

+ MV + JS 28.4 22.7 25.55+2.9

+ SC + JS 30.1 23.7 26.90+4.3

+ SC + JS (Dist.) 30.9 24.2 27.55+4.9

Table 2: Ablation experiments on different modules.

Vision, our method achieves an improvement of487

up to 5.9 when trained on Geo3K (30.9 vs. 25.0).488

Compared with unsupervised self-evolving meth-489

ods, our approach consistently outperforms prior490

work under the same training settings, and in partic-491

ular surpasses MM-UPT (major-vote) by 2.5 points492

on Geo3K (37.9 vs. 35.4). Moreover, our method493

achieves performance comparable to supervised494

SFT and RL (GRPO) methods, and even outper-495

forms them in some settings.496

Figure 3 compares the training dynamics of dif-497

ferent strategies on MMR1. Majority voting rapidly498

amplifies early dominant answers, leading to a499

sharp reduction in policy entropy. It also encour-500

ages the model to obtain stable rewards through501

shorter and more template-like responses. In con-502

Model / Method MathVision LogicVista DynaMath

Qwen2.5-VL-3B 19.5 39.8 18.2
w/ major vote 21.3 40.3 19.1
w/ ours 24.8 42.1 21.3

InternVL3-8B 20.8 40.7 23.6
w/ major vote 22.8 42.1 23.7
w/ ours 25.6 44.5 26.9

Table 3: Self-evolution performance comparison across
different models.

Method MathVision DynaMath Avg.

Qwen2.5-VL-7B 0.66 0.48 0.57
GRPO (w. label) 0.63 0.43 0.53-0.04

Major Vote 0.58 0.37 0.48-0.09

Ours 0.64 0.43 0.54-0.03

Table 4: Comparison of pass@10 across benchmarks.

trast, our method avoids repeatedly reinforcing 503

early dominant patterns and maintains sufficient ex- 504

ploration during training, resulting in more stable 505

training behavior and more consistent performance 506

improvements over time. 507

Ablation Study. Table 2 reports ablation results 508

for the key components, while Fig. 4 further il- 509
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Figure 3: Training dynamics on MMR1(Leng et al., 2025).The figure compares majority voting, supervised
reinforcement learning, and our method during training, in terms of validation accuracy on MathVision, actor
entropy, and average response length.

Figure 4: Ablation training dynamics on MMR1(Leng et al., 2025).We compare Self-Consistency, Judge-only,
and the full method in terms of validation accuracy on MathVision, actor entropy, and average response length
during training.

lustrates their training dynamics. When trained510

on MMR1, using Self-Consistency alone can re-511

tain some output diversity, but it leads to limited512

improvement on MathVision because it cannot re-513

liably distinguish between highly consistent and514

low-quality trajectories. In contrast, the Judge-only515

variant updates the policy based directly on eval-516

uation scores. Although this introduces a quality517

signal, it ignores the Actor’s candidate distribu-518

tion within each input, making the updates more519

likely to be dominated by a small number of high-520

scoring trajectories. This leads to unstable training521

behavior and a noticeable increase and fluctuation522

in response length. This behavior is consistent523

with the model favoring longer and more template-524

like responses that receive higher scores, rather525

than gradually correcting its reasoning through di-526

verse trajectories. Overall, our method achieves the527

best performance by continuously redistributing528

probability mass and correcting errors within the529

candidate set for each input, which helps prevent530

self-reinforcement of early dominant patterns and531

reduces training instability.532

Generalization Across Backbones and Evalua- 533

tion Metrics (pass@10). As shown in Table 3, 534

applying our method to multiple backbone mod- 535

els(Zhu et al., 2025) of different scales consistently 536

improves average performance. As shown in Ta- 537

ble 4, our method consistently outperforms major- 538

ity voting in pass@10 across benchmarks. How- 539

ever, compared to the base model, it leads to a cer- 540

tain reduction in exploration. Further analysis and 541

experiments on the relationship between the Judge 542

and self-consistency are provided in Appendix G. 543

5 Conclusion 544

We propose an unsupervised self-evolution train- 545

ing framework for multimodal large models. By 546

jointly modeling multiple reasoning trajectories 547

from the same input, our method leverages the 548

Actor’s self-consistency signal and a Judge-based 549

modulation. It further applies group-wise distribu- 550

tional reward modeling to reduce mode collapse 551

during long-term training. Experiments on multi- 552

ple mathematical reasoning benchmarks show that 553

our approach achieves stable and consistent perfor- 554

mance improvements. 555
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Limitations556

However, this work primarily investigates the con-557

struction of stable training signals, and leaves558

the question of how to further improve the self-559

evolving system beyond the Judge’s capability limit560

to future study. To enable sustained unsupervised561

self-evolution, the Judge should be able to progres-562

sively raise its evaluation standards as training pro-563

ceeds, and autonomously determine when it should564

be updated to remain a reliable training signal.565
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A Why Group-wise Distributional803

Modeling Prevents Policy Collapse804

For each input x, we sample a set of candidate tra-805

jectories T (x) = {τ1, . . . , τn} from the behavior806

policy πθold(· | x). Each trajectory τk is assigned807

a final scalar reward rk ≡ R(τk, x), and we apply808

an energy scaling r̃k = αrk, where α is a temper-809

ature parameter. We then introduce a group-wise810

log-sum-exp baseline811

b(x) = log

n∑
j=1

exp(r̃j),812

and define the group-relative advantage813

Ak(x) = r̃k − b(x).814

This construction implicitly induces a target distri-815

bution over the candidate set T (x):816

qα(τk | x) ≜
exp(αrk)∑n
j=1 exp(αrj)

. (A.1)817

It follows immediately that 818

log qα(τk | x) = αrk−log
n∑

j=1

exp(αrj) = Ak(x),

(A.2) 819

which shows that the group-relative advantage 820

equals the log-probability of τk under the reward- 821

induced distribution qα(· | x). 822

To clarify the learning objective implied by 823

this distributional modeling, we consider the case 824

where clipping is ignored, and we temporarily omit 825

the KL regularization term. In this setting, the 826

dominant gradient term can be written as a policy- 827

gradient form under samples from the behavior 828

policy: 829

∇θJ (θ) ∝ Ex∼D, τ∼πθold
(·|x)

[
A(τ, x)∇θ log πθ(τ | x)

]
.

(A.3) 830

Substituting Eq. (A.2), we obtain 831

∇θJ (θ) ∝ Ex, τ∼πθold

[
log qα(τ | x)∇θ log πθ(τ | x)

]
.

(A.4) 832

This form suggests that the update is naturally de- 833

scribed by matching the policy to the target distri- 834

bution qα(· | x) defined on the candidate set. 835

Concretely, consider the following distribution- 836

matching objective over T (x): 837

max
θ

Ex∼D

[
n∑

k=1

qα(τk | x) log πθ(τk | x)

]
.

(A.5) 838

This objective is equivalent to minimizing the KL 839

divergence on the candidate set: 840

min
θ

Ex∼D

[
DKL

(
qα(· | x) ∥πθ(· | x)

)]
, (A.6) 841

since for any fixed x, 842

DKL(q∥π) =
∑
k

qk log qk −
∑
k

qk log πk.

(A.7) 843

Therefore, maximizing Eq. (A.5) is equivalent to 844

minimizing Eq. (A.6). By the basic property of KL 845

divergence, the optimum of Eq. (A.6) satisfies 846

πθ(· | x) = qα(· | x) on T (x). (A.8) 847

This shows that distributional modeling changes 848

the learning target from selecting a single candidate 849

to matching a soft distribution over the candidate 850

set, and the optimal policy approaches the reward- 851

induced distribution qα(· | x). 852

The sharpness of qα(· | x) is controlled by the 853

temperature α and the reward gaps within the group. 854
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When α→∞, or when one candidate has a much855

larger reward than the others, i.e., rk⋆ ≫ rj for all856

j ̸= k⋆, the target distribution degenerates to:857

qα(τk⋆ | x)→ 1, qα(τj | x)→ 0 (j ̸= k⋆).
(A.9)858

In this case, the optimal policy in Eq. (A.8) also859

becomes deterministic. In contrast, when multi-860

ple candidates have comparable rewards and no861

single trajectory dominates, qα(· | x) remains non-862

degenerate and assigns non-zero probability mass863

to several candidates. Eq. (A.8) then implies that864

learning favors a gradual reallocation of probability865

mass within each group, rather than an immediate866

collapse to a single mode.867

For comparison, a one-hot target distribution868

over the candidate set,869

qOH(τk | x) = I[k = k⋆], (A.10)870

leads to an optimal solution πθ(τk⋆ | x) = 1 when871

minimizing DKL(qOH∥πθ). This objective directly872

encourages a deterministic mapping. By instead873

using the energy-normalized distribution qα(· | x),874

the learning target remains a soft distribution as875

long as qα is non-degenerate. As a result, policy876

updates can be interpreted as continuously reshap-877

ing probability mass within each group, rather than878

concentrating all mass on a single candidate in early879

training.880

B Training Algorithm881

This algorithm 1 presents the pseudocode of our un-882

supervised self-evolution training algorithm. The883

algorithm summarizes the overall training proce-884

dure, including multi trajectory sampling, self con-885

sistency based reward initialization, Judge based886

score modulation, group wise distributional reward887

shaping, and GRPO based policy optimization. It888

is provided for completeness and to facilitate repro-889

ducibility.890

C Experimental Setup and Baselines891

C.1 Training Data892

Geo3K(Lu et al., 2021) is a geometry problem-893

solving dataset designed to support diagram-894

grounded symbolic reasoning. It contains 3,002895

multiple-choice geometry questions, each paired896

with a natural language problem statement, a cor-897

responding geometry diagram, and a ground-truth898

answer. Geo3K is split into 2,101 / 300 / 601 ex- 899

amples for training, validation, and testing, respec- 900

tively. The original paper also reports basic statis- 901

tics for each split, such as the numbers of sentences 902

and words, as well as the scale of formal semantic 903

annotations, indicating the dataset’s semantic and 904

reasoning complexity. 905

GeoQA(Chen et al., 2021) is a benchmark for 906

multimodal numerical reasoning in planar geom- 907

etry. Each example is a geometry problem col- 908

lected from real exam or practice question banks, 909

where the model must jointly interpret the problem 910

text and the accompanying diagram. The original 911

GeoQA dataset contains 5,010 problems and fol- 912

lows a 7:1.5:1.5 split for training, validation, and 913

test sets. GeoQA further groups problems into 914

three categories: angle computation, length compu- 915

tation, and others (e.g., area-related problems). 916

The MMR1 training data(Leng et al., 2025) is 917

organized into two parts: a cold-start set with long 918

chain-of-thought (CoT) annotations and an RL- 919

stage set of question–answer (QA) pairs. This de- 920

sign aims to cover both multimodal mathematical 921

and logical reasoning, with an emphasis on data 922

quality, difficulty, and diversity. In our experiments, 923

we use the RL-stage QA split as the unlabeled train- 924

ing set for unsupervised self-evolution. 925

C.2 Baselines 926

Vision-Zero(Wang et al., 2025b) proposes a zero- 927

human-in-the-loop framework for improving vi- 928

sion–language models (VLMs). Instead of relying 929

on manually curated QA pairs or preference data, 930

it formulates training as a self-play game based 931

on visual differences, inspired by the “Who Is the 932

Spy” setting. The key idea is that, given a pair of 933

slightly different images (an original image and its 934

edited counterpart), the model can generate train- 935

ing signals through multi-round interactions and 936

optimize with verifiable rewards, thereby improv- 937

ing visual reasoning and strategic inference. In our 938

comparisons, we use two Vision-Zero variants built 939

on Qwen2.5-VL-7B: one trained with image pairs 940

constructed from synthetic CLEVR scenes, and the 941

other trained with real-world edited image pairs 942

from datasets such as ImgEdit. 943

EvoLMM(Thawakar et al., 2025) trains using 944

only raw images, without any human-annotated 945

QA pairs or metadata. It improves multimodal 946

reasoning through a closed-loop process where the 947

model generates questions, produces answers, and 948

derives rewards from its own outputs. To build 949
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the training pool, EvoLMM samples about 1,000950

images from each of several widely used visual951

reasoning, chart, and geometry datasets, resulting952

in roughly 6k training images. The method adopts953

a Proposer–Solver framework, where the Proposer954

generates questions and the Solver answers them955

to drive self-evolution.956

C.3 Evaluation Benchmarks957

MathVision(Wang et al., 2024) is a benchmark de-958

signed to evaluate large models’ mathematical rea-959

soning under visual context. The authors argue that960

existing visual math benchmarks, while broad, are961

still limited in problem diversity and subject cover-962

age; MathVision is therefore introduced to provide963

a more comprehensive assessment of vision-based964

mathematical reasoning. Following common prac-965

tice, we evaluate both our method and all baselines966

on the official testmini split, which contains 304967

problems.968

MathVerse(Zhang et al., 2024) is designed not969

only to measure final-answer accuracy, but also to970

diagnose whether multimodal large models truly971

use diagram information in visual math problems.972

The authors note that many existing benchmarks973

include substantial textual cues that duplicate the974

visual content, allowing models to answer correctly975

with little reliance on the image and thus overesti-976

mating genuine visual understanding. MathVerse977

covers three major areas—Plane Geometry, Solid978

Geometry, and Functions—and provides 12 fine-979

grained categories for capability-based evaluation.980

In our experiments, we evaluate on the MathVerse-981

mini split.982

WeMath(Qiao et al., 2025) is motivated by the983

observation that most visual math benchmarks fo-984

cus on final-answer accuracy, but provide limited985

insight into a model’s underlying weaknesses in986

mathematical knowledge and generalization. It987

therefore introduces a textbook concept–centered988

evaluation framework to distinguish whether errors989

arise from missing knowledge or from failure to990

compose and generalize known concepts. WeMath991

categorizes model behaviors into four diagnostic992

types: IK (Insufficient Knowledge), IG (Inadequate993

Generalization), CM (Complete Mastery), and RM994

(Rote Memorization). We evaluate both our method995

and all baselines on the full WeMath benchmark,996

which contains 6.5K visual math problems.997

LogicVista(Xiao et al., 2024) is a benchmark de-998

signed to evaluate logical reasoning of multimodal999

large language models (MLLMs) under visual con-1000

text. The authors argue that existing multimodal 1001

evaluations often focus on perception and under- 1002

standing, or emphasize math-oriented reasoning, 1003

while providing limited coverage of more general 1004

logical reasoning skills needed for tasks such as 1005

navigation and pattern inference. LogicVista con- 1006

sists of 448 multiple choice questions. It groups 1007

logical reasoning into five skill categories: induc- 1008

tive reasoning, deductive reasoning, numerical rea- 1009

soning, spatial reasoning, and mechanical reason- 1010

ing. We evaluate on the full LogicVista benchmark. 1011

DynaMath(Zou et al., 2024) focuses on the ro- 1012

bustness of mathematical reasoning. Unlike most 1013

existing visual math benchmarks that are static, 1014

it is designed to systematically test whether the 1015

same reasoning process remains valid under vary- 1016

ing conditions. To this end, DynaMath evaluates 1017

generalization by dynamically generating problem 1018

variants. The benchmark contains 501 high-quality 1019

seed questions spanning multiple topics, and each 1020

seed is instantiated into 10 variants, resulting in 1021

5,010 instances in total. We evaluate on the full 1022

DynaMath benchmark. 1023

D Prompt Design 1024

This section presents the Judge prompt and the Ac- 1025

tor prompt used during training to support reward 1026

modeling and output-format constraints in our un- 1027

supervised self-evolution framework. 1028

The Judge prompt consists of two complemen- 1029

tary components. The first component specifies 1030

the scoring and decision rules, which evaluate each 1031

candidate solution trajectory along three dimen- 1032

sions: answer correctness, reasoning quality, and 1033

visual grounding. The second component enforces 1034

a strict output format to standardize the Judge’s 1035

scores and ensure stable reward signals. We use the 1036

combination of these two components as the full 1037

Judge prompt. 1038

The Actor prompt is not designed to elicit better 1039

reasoning content. Instead, it enforces a unified 1040

output format. This constraint helps avoid ambigu- 1041

ous formatting, missing answers, or multiple final 1042

answers, and prevents the Judge from producing 1043

unstable or exploitable scores due to malformed 1044

outputs during reward modeling. Importantly, these 1045

prompts are only used in the training stage for self- 1046

evolution. For all evaluations, we use the original, 1047

official prompting setup of each model and keep the 1048

evaluation protocol identical across all methods. 1049
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Judge Prompt

You are an expert evaluator for multimodal
mathematical reasoning.
All scores must be real numbers in [0, 1].
Evaluation Dimensions:
1. answer_correctness

• 1.0: fully correct

• 0.5–0.9: almost correct

• 0.1–0.4: partial progress

• 0.0: wrong or missing

2. reasoning_quality

• 1.0: rigorous and logical

• 0.5–0.9: minor gaps

• 0.1–0.4: fragmented reasoning

• 0.0: invalid reasoning

3. visual_grounding

• 1.0: correct use of visual elements

• 0.5–0.9: minor misreadings

• 0.1–0.4: partial or incorrect usage

• 0.0: no grounding or hallucination

Overall Score

• answer_correctness: 0.50

• reasoning_quality: 0.30

• visual_grounding: 0.20

Mandatory Validity Rule
If the candidate solution fails to provide a
clear and single final answer in the required
format, all scores are set to 0.0.

1050

Judge Output Format

[BEGIN THOUGHT]
<your analysis>
[END THOUGHT]

[BEGIN SCORES]
{
"answer_correctness": <float>,
"reasoning_quality": <float>,
"visual_grounding": <float>,
"overall_score": <float>

}
[END SCORES]

Only valid JSON enclosed in the above tags
is accepted.

1051

Actor Prompt

You must first think through the rea-
soning process as an internal mono-
logue. The entire reasoning process
must be fully enclosed within a match-
ing <think>...</think> pair, with no text
outside these tags.
After the closing </think> tag, you must
output the final answer in the exact format
\boxed{ANSWER}.
The \boxed{} must contain only the final
answer value, with no additional words,
steps, symbols, units, or punctuation.
If the required format is not followed ex-
actly, the answer is considered invalid.

1052

E Hyperparameters 1053

This section summarizes the main hyperparameters 1054

and system configurations used in our unsupervised 1055

self-evolution training, to support reproducibility 1056

and clarify implementation details.Detailed settings 1057

are provided in Table 5. 1058

F Case study 1059

In this section, we present qualitative case studies 1060

to illustrate the behavior of our method and ana- 1061

lyze representative failure cases. Through these 1062

examples, we provide deeper insights into how the 1063

proposed framework influences model reasoning 1064

and where its limitations remain. Figures 5 and 1065

6 compare the behaviors of our method and the 1066

majority-voting strategy during training. Majority 1067

voting essentially compresses the model’s output 1068

14



distribution into a near-deterministic mapping: the1069

model updates only with respect to the most fre-1070

quent answer, while ignoring the relative structure1071

among alternative candidates for the same ques-1072

tion. In the early stage of training, even a slight1073

frequency advantage of an incorrect answer over1074

the correct one can be amplified over subsequent1075

iterations. As the incorrect answer becomes dom-1076

inant, its pseudo-label signal is repeatedly rein-1077

forced, eventually driving the model into a self-1078

reinforcing but incorrect learning trajectory. In1079

contrast, our method exhibits more stable learning1080

behavior overall.1081

Figure 7 presents a representative failure case. In1082

some cases, the training signal can still be misled1083

when the model’s self-consistency distribution is1084

already strongly biased toward an incorrect answer1085

and the frozen Judge also assigns a relatively high1086

score to that answer. Under this “incorrect consen-1087

sus” scenario, the group-relative reward modeling1088

will continue to favor the wrong trajectory, caus-1089

ing the model to update in an undesired direction.1090

Moreover, once such incorrect consistency is solid-1091

ified, the output distribution becomes sharper and1092

exploration is reduced. This effect can partially ex-1093

plain the drop in pass@10 reported in Table 4: with1094

lower sampling diversity, the probability of reach-1095

ing the correct solution across multiple attempts1096

decreases.1097

G Experiments and Analysis1098

Analysis of pass@10. Table 4 reports pass@101099

results of different methods across multiple bench-1100

marks. Note that pass@10 is highly sensitive to1101

sampling diversity, as it measures the probability1102

of obtaining at least one correct solution among1103

multiple samples. Our method improves training1104

stability through group-relative reward modeling1105

and Judge-based modulation, reducing the random1106

amplification of incorrect trajectories, but it can1107

also make the output distribution more concen-1108

trated. In some cases, especially when both the1109

model’s self-consistency signal and the Judge score1110

favor the same incorrect answer, the policy may de-1111

velop an incorrect consensus, which further reduces1112

sampling diversity. Such distributional contraction1113

weakens the coverage benefit of multiple attempts1114

and is one of the main reasons for the decrease in1115

pass@10.1116

Effect of Distributional Modeling. Table 61117

analyzes the effect of group-wise distributional1118

modeling under different designs. Across self- 1119

consistency, Judge-only, and our final formulation, 1120

incorporating distributional modeling consistently 1121

leads to improved performance on both bench- 1122

marks. This indicates that distributional model- 1123

ing serves as a general and stable refinement step, 1124

converting raw trajectory-level signals into relative 1125

group-wise advantages, which helps smooth the 1126

training signal and leads to more stable optimiza- 1127

tion. 1128

Relationship Between Self-Consistency and 1129

Judge Preferences. The results are presented 1130

in Table 7. Agree@1 measures the fraction of 1131

questions for which the top-1 choice under self- 1132

consistency (i.e., the answer with the highest self- 1133

consistency) matches the top-1 answer selected by 1134

the Judge (i.e., the answer with the highest average 1135

score), reflecting the alignment between the two 1136

signals over the candidate set. SC-winner denotes 1137

the answer accuracy when selecting solely based 1138

on self-consistency, serving as a proxy for the reli- 1139

ability of self-consistency as a distributional prior. 1140

J-winner denotes the answer accuracy when select- 1141

ing solely based on the Judge. For evaluation, we 1142

sample a batch from Geo3K and, for each input, 1143

roll out 8 trajectories using both the base model 1144

and the final model. 1145

As shown in Table 7, the top-1 agreement be- 1146

tween self-consistency and the Judge increases no- 1147

ticeably after training while remaining unsaturated. 1148

This suggests that the model’s output distribution 1149

gradually shifts from being partially driven by in- 1150

cidental frequency patterns to being more aligned 1151

with reasoning quality. At the same time, the agree- 1152

ment remaining below saturation indicates that the 1153

policy does not collapse into a deterministic map- 1154

ping dominated by a single signal, and still pre- 1155

serves room for exploration. 1156

Moreover, the accuracy of the trajectories se- 1157

lected by the Judge improves, even though the 1158

Judge is not trained. This implies that the Judge 1159

guidance encourages the Actor to produce higher 1160

quality reasoning trajectories more consistently. 1161

Overall, these results highlight the synergy between 1162

self-consistency and Judge-based modulation: self- 1163

consistency provides a stable distributional prior, 1164

while the Judge steers learning toward higher qual- 1165

ity candidates under ambiguity. They form a posi- 1166

tive feedback loop that improves trajectory quality 1167

while mitigating distribution collapse. We present 1168

the full evaluation results of unsupervised train- 1169
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<image>The sum of the circumference of circles 
$H,J,K$ is $56 \pi$ units. Find $KJ$.

Question:

Answer:24

Geo3K

Before trining:
"output": "<think>\nThe sum of the circumferences of circles $H$, 
$J$, and $K$ is $56\\pi$. The formula for the circumference of a 
circle is $2\\pi r$. Therefore, we can set up the equation as 
follows:\n\\[\n2\\pi(x) + 2\\pi(2x) + 2\\pi(4x) = 
56\\pi\n\\]\nSimplifying the equation:\n\\[\n2\\pi(x + 2x + 4x) = 
56\\pi\n\\]\n\\[\n2\\pi(7x) = 56\\pi\n\\]\n\\[\n14x = 
56\n\\]\n\\[\nx = 4\n\\]\nThe distance $KJ$ is the sum of the 
diameters of circles $H$ and $J$, which is $2x + 2(2x)$. 
Substituting $x = 4$:\n\\[\nKJ = 2(4) + 2(2(4)) = 8 + 16 = 
24\n\\]\n</think>\n\\boxed{24}"

"output": "<think>\nThe circumference of a circle is given by $C = 
2\\pi r$, where $r$ is the radius. Let's denote the radius of circle 
$H$ as $x$, the radius of circle $J$ as $2x$, and the radius of 
circle $K$ will be $4x$ (since the line $KJ$ is a radius of circle 
$K$ and extends from the center of $K$ to the 
circumference).\n\nThe sum of the circumferences of circles $H$, 
$J$, and $K$ is:\n\\[ 2\\pi x + 2\\pi (2x) + 2\\pi (4x) = 56\\pi 
\\]\n\nSimplifying the equation:\n\\[ 2\\pi x + 4\\pi x + 8\\pi x = 
56\\pi \\]\n\\[ 14\\pi x = 56\\pi \\]\n\\[ 14x = 56 \\]\n\\[ x = 4 
\\]\n\nThe length of $KJ$ is the radius of circle $K$, which is 
$4x$. Substituting $x = 4$:\n\\[ KJ = 4x = 4 \\times 4 = 16 
\\]\n\n</think>\n\\boxed{16}"

Before training 

answer frequency

2416 37.5%62.5%
Judge score

0.4 0.2 0.0 0.3 0.4 0.9 0.8 0.6

After training(major vote) 
After training(Ours) 

2416 0%100%
2416 87.5%12.5%

After trining(Ours):

"<think>\nThe problem involves circles with centers H, J, and K, and 
their circumferences. The sum of the circumferences of circles H, J, 
and K is given as $56\\pi$. The formula for the circumference of a 
circle is $C = 2\\pi r$, where $r$ is the radius.\n\nFor circle H, 
the radius is $x$ and the circumference is $2\\pi x$.\nFor circle J, 
the radius is $2x$ and the circumference is $2\\pi (2x) = 4\\pi 
x$.\nFor circle K, the radius is $4x$ and the circumference is 
$2\\pi (4x) = 8\\pi x$.\n\nThe sum of the circumferences 
is:\n\\[2\\pi x + 4\\pi x + 8\\pi x = 14\\pi x\\]\n\nWe know this 
sum is equal to $56\\pi$:\n\\[14\\pi x = 56\\pi\\]\n\nDividing 
both sides by $14\\pi$, we get:\n\\[x = 4\\]\n\nNow, to find $KJ$, 
which is the distance between the centers K and J, we use the fact 
that the distance between the centers is the sum of the radii of 
circles K and J:\n\\[KJ = 4x + 2x = 6x\\]\n\\[KJ = 6 \\times 4 = 
24\\]\n\nTherefore, the distance $KJ$ is 
$24$.\n</think>\n\\boxed{24}"

Figure 5: A case study on Geo3K(Lu et al., 2021)

ing on Geo3K across multiple benchmarks in Ta-1170

bles 8, 9, 10, 11.1171
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<image>Find the value of the variable $x$ in the 
figure.

Question:

Answer:70

Geo3K

Before trining:

"output": "<think>\nThe angles \\(2x - 15\\) and \\(x + 55\\) are 
adjacent angles formed by the intersection of two lines, which 
means their measures add up to 180 degrees since they form a 
straight line. Therefore, we can set up the equation:\n\n\\[\n(2x - 
15) + (x + 55) = 180\n\\]\n\nSimplify the equation:\n\n\\[\n2x - 15 
+ x + 55 = 180\n\\]\n\nCombine like terms:\n\n\\[\n3x + 40 = 
180\n\\]\n\nSubtract 40 from both sides:\n\n\\[\n3x = 
140\n\\]\n\nDivide by 3:\n\n\\[\nx = 
\\frac{140}{3}\n\\]\n\n\\[\nx = 
\\frac{140}{3}\n\\]\n\n</think>\n\\boxed{\\frac{140}{3}}", 

Before training 

answer frequency
\\frac{140}{3}

46.67

37.5%

50.0%

Judge score

0.30.3 0.5 0.0 0.9

After training(major vote) 
After training(Ours) 

46.67 100%
7046.67 75%25%

After trining(Ours):

"output": "<think>\nThe figure shows two intersecting lines forming 
four angles. According to the diagram, two of these angles are given 
as $(2x - 15)^\\circ$ and $(x + 55)^\\circ$. Since these two angles 
are vertical angles (formed by the intersection of two lines), they 
are equal. Therefore, we can set up the equation:\n\n\\[2x - 15 = x 
+ 55\\]\n\nNow, solve for $x$:\n\n\\[\n\\begin{align*}\n2x - 15 
&= x + 55 \\\\\n2x - x &= 55 + 15 \\\\\nx &= 
70\n\\end{align*}\n\\]\n\nSo, the value of the variable $x$ is 
70.</think>\n\\boxed{70}"

Before trining:

"output": "<think>\nThe angles $(2x - 15)^\\circ$ and $(x + 
55)^\\circ$ are corresponding angles formed by two intersecting 
lines cut by a transversal. Corresponding angles are equal when the 
lines are parallel, but in this case, we use the property that the sum 
of supplementary angles is $180^\\circ$. Therefore, we set up the 
equation:\n\\[\n(2x - 15) + (x + 55) = 180\n\\]\nSimplifying the left 
side:\n\\[\n3x + 40 = 180\n\\]\nSubtract 40 from both 
sides:\n\\[\n3x = 140\n\\]\nDivide both sides by 3:\n\\[\nx = 
\\frac{140}{3}\n\\]\n</think>\n\\boxed{46.67}"

"output": "<think>\nThe angles marked in the diagram are 
corresponding angles formed by a transversal intersecting two 
parallel lines. Corresponding angles are equal. Therefore, we 
have:\n\n\\[\n2x - 15 = x + 55\n\\]\n\nNow, solve for 
\\(x\\):\n\n\\[\n2x - x = 55 + 15\n\\]\n\\[\nx = 
70\n\\]\n\n</think>\n\\boxed{70}", 

70 12.5%

0.4 0.2 0.2

Figure 6: A case study on Geo3K(Lu et al., 2021)
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<image>In the figure, the vertices of quadrilateral 
ABCD intersect square EFGH and divide its sides into 
segments with measures that have a ratio of 1:2. Find 
the area of ABCD.

Question:

Answer:45

Before training 

answer frequency

72

36

12.5%

50.0%

Judge score

0.90.9 0.7 0.7

0.7

After training(major vote) 

After training(Ours) 

36 100%

45 12.5%

0.2

9 25%

0.4 0.6

36 87.5%

45 12.5%

After trining(Ours):

"<think>\nThe given square has a side length of 9 ft. 
Points A, B, C, and D divide the sides of the square in 
the ratio 1:2, meaning the segments are 3 ft each along 
the sides. This forms a smaller square inside the larger 
one, centered within it.\n\nSince the smaller square is 
perfectly centered, its side length is the distance 
between the points of intersection of the inner and 
outer squares. This distance is (9 - 3) ft, or 6 
ft.\n\nThe area of a square is the side length squared. 
Therefore, the area of quadrilateral ABCD is \\(6^2 = 
36\\) square feet.\n\n</think>\n\\boxed{36}"

Before trining:
"<think>\nLet's break down the problem step by 
step:\n\n1. The square EFGH has a side length of 9 
ft.\n2. The vertices of ABCD divide the sides of 
EFGH in the ratio 1:2.\n3. If we consider one side of 
the square as divided into 3 equal parts, the side 
divided by the vertices of ABCD will be 3 parts out of 
the 9 ft side, making each segment 3 ft long.\n\nThe 
area of square EFGH is \\( 9 \\times 9 = 81 \\) 
square feet.\n\nTo find the area of quadrilateral 
ABCD, we need to calculate the fraction of the square 
it occupies. The vertices divide the square into 3 
equal segments along each side, meaning ABCD 
occupies \\( \\frac{1}{3} \\times \\frac{1}{3} = 
\\frac{1}{9} \\) of the square area.\n\nTherefore, 
the area of ABCD is:\n\\[ 81 \\times \\frac{1}{9} = 9 
\\]\nsquare feet.\n</think>\n\\boxed{9}", 

Before trining:
"<think>\nLet's denote the side length of square EFGH as \\( s \\). 
According to the problem, the vertices of quadrilateral ABCD divide 
its sides into segments with a ratio of 1:2. Therefore, the segments 
formed are \\( \\frac{s}{3} \\) and \\( \\frac{2s}{3} \\).\n\nSince 
the figure is symmetric and the problem involves a square divided in 
a specific ratio, we can deduce that the area of quadrilateral ABCD 
is the area of the square minus the areas of the four right triangles 
formed outside the quadrilateral. Each of these right triangles has 
legs of length \\( \\frac{s}{3} \\) and \\( \\frac{2s}{3} 
\\).\n\nThe area of each triangle is:\n\\[\n\\text{Area of one 
triangle} = \\frac{1}{2} \\times \\frac{s}{3} \\times \\frac{2s}{3} = 
\\frac{1}{2} \\times \\frac{2s^2}{9} = 
\\frac{s^2}{9}\n\\]\n\nSince there are four such triangles, their 
total area is:\n\\[\n\\text{Total area of four triangles} = 4 \\times 
\\frac{s^2}{9} = \\frac{4s^2}{9}\n\\]\n\nThe area of square EFGH 
is \\( s^2 \\). Therefore, the area of quadrilateral ABCD 
is:\n\\[\n\\text{Area of quadrilateral ABCD} = s^2 - 
\\frac{4s^2}{9} = \\frac{9s^2}{9} - \\frac{4s^2}{9} = 
\\frac{5s^2}{9}\n\\]\n\nGiven that the side length \\( s \\) of the 
square is 9 feet, we substitute \\( s = 9 \\):\n\\[\n\\text{Area of 
quadrilateral ABCD} = \\frac{5 \\times 9^2}{9} = \\frac{5 \\times 
81}{9} = 45\n\\]\n\nThus, the area of quadrilateral ABCD is 45 
square feet.\n</think>\n\\boxed{45}", 

<image>In the figure, the vertices of quadrilateral 
ABCD intersect square EFGH and divide its sides into 
segments with measures that have a ratio of 1:2. Find 
the area of ABCD.

Question:

Answer:45

Before trining:

"<think>\nTo find the area of quadrilateral ABCD, we first need to 
determine the side length of triangle ∆AHC. The side length of the 
square is 9 ft, and the segment endpoints on EF and HG divide the 
sides in the ratio 1:2. Therefore, the length of AH and CG is (1/3) * 
9 ft, and the length of BE, CF, and DG is (2/3) * 9 ft.\n\nThe side 
length of triangle ∆AHC is 6 ft. Thus, the base of triangle ∆ABC is 
6 ft, and the height is also 6 ft. The area of triangle ∆ABC is: 
\n\nArea of ∆ABC = (1/2) * base * height = (1/2) * 6 * 6 = 18 
ft²\n\nSince the figure is symmetric and the other three triangles 
(ABD, BCD, and CDC) are congruent to ∆ABC, the total area of 
quadrilateral ABCD is:\n\nArea of ABCD = 4 * Area of ∆ABC = 4 * 
18 = 72 ft²\n\n</think>\n\\boxed{72}"

"<think>\nThe vertices of quadrilateral ABCD divide the sides of 
square EFGH in the ratio 1:2. This means that AB = 3 feet and BH = 
6 feet. Since the height of the square is 9 feet, the total length of 
the side is 9 feet. Therefore, the side length of the smaller square 
ABCD is 6 feet.\n\nThe area of a square is the side length squared. 
So, the area of square ABCD is \\(6^2 = 36\\) square 
feet.\n\nFinal Answer: 36\n</think>\n\\boxed{36}"

Figure 7: A qualitative failure case analysis on the Geo3K dataset (Lu et al., 2021).
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Algorithm 1: Unsupervised Self-Evolution
with Actor–Judge Joint Modeling

1 Input: Current policy πθ, old policy πθold ,
unlabeled training set D, group size G,
frozen Judge Jϕ, reference model πref ,
energy temperature α, clip parameter ϵ, KL
coefficient β, answer extractor E(·),
calibration params (λ+, λ−, th, tl, τh, τl).

2 foreach (I, q) ∼ D do
3 Sample a group of trajectories:

{τi}Gi=1 ∼ πθold(· | I, q)
// // Sample multiple

trajectories

4 Extract answers: Ŷ = E(T ) = {ŷi}Gi=1

// // Parse final answers
5 Compute self-consistency distribution:

p̂(y) = 1
G

∑G
i=1 I[ŷi = y]

6 Assign SC rewards: rSCi ← p̂(ŷi)
// // Soft frequency reward

within the group
7 Judge scoring (frozen):

si ← Jϕ(I, q, τi) ∈ [0, 1]
// // Trajectory-level

evaluation
8 Calibrate Judge scores: g(si)←

1 + λ+σ
(
si−th
τh

)
− λ−σ

(
tl−si
τl

)
// // Bounded, smooth

modulation
9 Compute final rewards:

Ri ← rSCi · g(si)
// // Joint modeling: SC ×

Judge modulation
10 Group-wise distributional shaping:

r̃i ← αRi; b← log
∑G

j=1 exp(r̃j);
Ai ← r̃i − b
// // Group-relative advantage
via log-sum-exp baseline

11 Compute GRPO objective J (θ)
according to Eq. (12) , Eq. (13) and
Eq. (14)

// // Group-relative policy
optimization

12 where γi,t(θ) =
πθ(oi,t|I,q,oi,<t)

πθold
(oi,t|I,q,oi,<t)

// // Token-level ratio as in
GRPO

13 Update policy parameters:
θ ← θ + η∇θJ (θ)

14 Update old policy: θold ← θ

15 return πθ

Table 5: Training hyperparameters.

Category Hyperparameter
(Value)

Data Configuration
Train Batch Size 512
Max Prompt Length 1024
Max Response Length 2048
Filter Overlong Prompts True
Truncation Strategy error
Image Key images

Model & Optimization
Base Model Qwen2.5-VL-7B-

Instruct
Optimizer Learning Rate 1× 10−6

KL Loss Coefficient (β) 0.01
KL Loss Type Low-Var KL

PPO / GRPO Settings
Algorithm GRPO
PPO Mini Batch Size 128
PPO Micro Batch Size (per GPU) 8
Rollout Group Size (n) 8
Ref Log-Prob Micro Batch (per
GPU)

20

Param Offload (Ref Model) True

Sampling / Engine
Rollout Engine $ENGINE
Tensor Model Parallel Size 2
GPU Memory Utilization (Roll-
out)

0.7

GPU Memory Utilization (Re-
ward)

0.6

Trainer Settings
Total Epochs 20
GPUs per Node 8
Number of Nodes 1

Method MathVision DynaMath

Self-Consistency 25.2 20.5
w. distribution 25.9 20.7

Judge 27.3 21.1
w. distribution 27.8 21.5

Ours w.o. distribution 30.1 23.7
Ours w. distribution 30.9 24.2

Table 6: Effect of group-wise distributional modeling.

Method Agree@1 SC-winner J-winner

Qwen2.5-VL-7B 41.2 36.3 40.2
Ours 73.8 48.6 50.3

Table 7: Relationship between self-consistency and
Judge preferences.
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Table 8: Category-wise overall accuracy (%) on MathVision (trained on Geo3K).

Method Overall Algebra Analytic Geo. Arithmetic Comb. Geo.

Qwen2.5-VL-7B 25.0 15.8 26.3 36.8 15.8
Ours 30.9 15.8 42.1 36.8 21.1

Method Combinatorics Counting Descriptive Geo. Graph Theory Logic

Qwen2.5-VL-7B 10.5 21.1 26.3 15.8 15.8
Ours 21.1 21.1 21.1 10.5 21.1

Method Metric (Angle) Metric (Area) Metric (Length) Solid Geo. Statistics

Qwen2.5-VL-7B 36.8 47.4 31.6 15.8 47.4
Ours 63.2 47.4 21.1 36.8 57.9

Method Topology Transformation Geo.

Qwen2.5-VL-7B 26.3 10.5
Ours 36.8 21.1

Table 9: Category-wise overall accuracy (%) on MathVerse (trained on Geo3K).

Method Text Dominant Vision Only Vision Dominant Vision Intensive Text Lite

Qwen2.5-VL-7B 53.6 41.0 40.9 40.9 44.9
Ours 56.6 42.5 42.6 44.8 47.7

Table 10: Category-wise overall accuracy (%) on LogicVista(trained on Geo3K).

Method Overall Inductive Deductive Numerical Spatial Mechanical

Qwen2.5-VL-7B 46.3 36.4 64.5 55.8 19.2 54.1
Ours 49.0 29.0 65.6 65.3 30.8 55.4

Table 11: Category-wise overall accuracy (%) on Wemath (trained on Geo3K).

Category Qwen2.5-VL-7B Ours ∆

Two-step (S2) 55.28 58.61 +3.33
Understanding of Plane Figures 60.22 64.45 +4.23
Calculation of Solid Figures 77.26 79.03 +1.77
Direction 82.86 90.00 +7.14
Route Map 55.49 62.64 +7.15
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