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Abstract001

In the unsupervised self-evolution of Multi-002
modal Large Language Models, the quality of003
feedback signals during post-training is piv-004
otal for stable and effective learning. However,005
existing self-evolution methods predominantly006
rely on majority voting to select the most007
frequent output as the pseudo-golden answer,008
which may stem from the model’s intrinsic bi-009
ases rather than guaranteeing the objective cor-010
rectness of the reasoning paths. To counter-011
act the degradation, we propose Continuous012
Softened Retracing reSampling (CSRS) in013
MLLM self-evolution. Specifically, we in-014
troduce a Retracing Resampling Mechanism015
(RRM) that the model re-inferences from an-016
chor points to expand the exploration of long-017
tail reasoning paths. Simultaneously, we018
propose Softened Frequency Reward (SFR),019
which replaces binary rewards with continu-020
ous signals, calibrating reward based on the021
answers’ frequency across sampled reason-022
ing sets. Furthermore, incorporated with Vi-023
sual Semantic Perturbation (VSP) , CSRS en-024
sures the model prioritizes mathematical logic025
over visual superficiality. Experimental results026
demonstrate that CSRS significantly enhances027
the reasoning performance of Qwen2.5-VL-028
7B on benchmarks such as MathVision. We029
achieve state-of-the-art (SOTA) results in un-030
supervised self-evolution.031

1 Introduction032

Self-evolution (Wu et al., 2024; Chen et al., 2025a;033

Jiang et al., 2025) in Multimodal Large Language034

Models (MLLMs) is an emerging paradigm that035

leverages the model’s intrinsic reasoning capabil-036

ities to achieve continuous improvement through037

internal feedback. To alleviate the dependency038

on costly manual annotations, this unsupervised039

framework demonstrates immense potential by by-040

passing the labeling bottleneck and it enables041

autonomous evolution of the model’s capablity042

through leveraging unlabeled data.043

Recent works have focused on generating self- 044

improving feedback signals. For instance, MM- 045

UPT (Wei et al., 2025) establishes an unsupervised 046

post-training pipeline, utilizing a majority voting 047

self-rewarding mechanism based on the GRPO 048

(Shao et al., 2024) algorithm. Similarly, VisPlay 049

(He et al., 2025) enhances visual reasoning capa- 050

bilities and reduces hallucinations by decoupling 051

the base MLLM into two roles: a conditional ques- 052

tioner and a multimodal reasoner. 053

However, rewards of these approaches primar- 054

ily generate from the model’s internal preferences, 055

leading to a confirmation bias cycle: the model 056

repeatedly reinforces paths it perceives as correct. 057

This narrows the exploration horizon, eventually 058

resulting in the loss of logical diversity and distri- 059

butional shift often called "Model Collapse" (Shu- 060

mailov et al., 2023; Shafayat et al., 2025; Swamy 061

et al., 2025). Furthermore, these methods rely 062

heavily on majority voting, which provides only 063

coarse-grained and sparse reward signals derived 064

entirely from the models initial biases, thereby ex- 065

acerbating the model collapse. 066

To overcome these challenges, we propose 067

Continuous Softened Retracing reSampling 068

(CSRS). As shown in Fig 1, by establishing 069

retracing anchor points within the maternal 070

trajectory and integrating softened frequency re- 071

wards with visual perturbation, CSRS effectively 072

mitigates model collapse in unsupervised settings. 073

Specifically, we introduce Retracing Resampling 074

Mechanism (RRM), which sets a retracing 075

anchor point within the initial maternal response 076

answers and restarts inference from anchor points 077

to construct a re-inference answer set. Unlike 078

static sampling in conventional methods, this 079

mechanism compels the model to perform deep 080

exploration at key logical decision nodes. To 081

address the collapse triggered by majority voting, 082

we introduce Softened Frequency Reward (SFR). 083

Rather than assigning discrete binary scores, this 084
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Figure 1: Overview of our work. During unsupervised self-evolutionary reinforcement learning, traditional ma-
jority voting methods for pseudo-labeling rely solely on the model’s inherent biases. This frequently leads to
model collapse, where the model degenerates into a deterministic mapping and fails to explore the true solutions.
To alleviate this phenomenon, our method introduces CSRS to reduce the occurence of situations

mechanism calculates base rewards based on the085

occurrence frequency of the problem’s answer in086

the union of the re-inference and maternal sets.087

By utilizing the frequency variance between these088

sets to calibrate the reward score, we incentivize089

the model to explore low-probability but correct090

responses. Additionally, we introduce Visual Se-091

mantic Perturbation (VSP) during the re-inference092

phase, forcing the model to further prioritize093

invariant mathematical logic over superficially094

low-level image features.095

We conducted a comprehensive evaluation of096

CSRS across four major multimodal benchmarks097

based on Qwen2.5-VL-7B (Bai et al., 2025):098

MathVision (Wang et al., 2024), MathVista (Lu099

et al., 2023) MathVerse (Zhang et al., 2024) and100

We-Math (Qiao et al., 2025). Notably, com-101

pared to the baseline(MM-UPT), we gains 2.34%,102

1.48%, 2.41%, 3.28% respectively on benchmarks.103

Experimental results show that CSRS achieves104

state-of-the-art (SOTA) performance in the unsu-105

pervised self-evolution. The primary contributions106

of this work are as follows:107

(1) We propose the CSRS, which utilizes re-108

tracing resampling at retracing anchor points com-109

bined with softened frequency rewards to theoreti-110

cally and empirically mitigate the model collapse111

inherent in majority voting mechanism.112

(2) Moving beyond binary rewards, CSRS dy- 113

namically amplifies the rewards for low-frequency 114

but potentially correct long-tail reasoning paths, 115

significantly improving the robustness of MLLM 116

self-evolution’s inference capability. 117

(3) CSRS achieves leading performance across 118

four multimodal mathematical benchmarks. In 119

particular, on MathVista, it reaches an accuracy of 120

68.25%, demonstrating the substantial potential of 121

unsupervised self-evolution without the need for 122

expensive human intervention. 123

2 Related Work 124

Reinforcement Learning (RL) (Xu and Ding, 125

2025; Yu et al., 2025; Lin and Xu, 2025) has 126

emerged as a pivotal tool for unlocking the latent 127

reasoning capabilities of Large Language Mod- 128

els (LLMs). These advancements span from es- 129

tablished algorithms like PPO (Schulman et al., 130

2017) and DPO (Rafailov et al., 2023) to the re- 131

cently introduced GRPO (Shao et al., 2024). How- 132

ever, these methods primarily operate within the 133

paradigm of supervised reinforcement learning, 134

where reliable parameter updates relies heavily on 135

high-quality, external ground-truth labels. This 136

strict dependency on external signals inherently 137

constrains the models capacity for autonomous 138

evolution in scenarios where human annotations 139
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are expensive or unavailable.140

To bridge this gap, the unsupervised self-141

evolution paradigm has gained significant traction142

as it enables models to autonomously generate143

pseudo-labels to guide their own iterative opti-144

mization (Liu et al., 2025; Kwan et al., 2025). Ex-145

isting works attempts to substitute human labels146

with signals from diverse sources. AbsoluteZero147

(Zhao et al., 2025) utilizes external verifiers, such148

as math or code executors (e.g., MathVerify) to149

validate reasoning outcomes. While this reduces150

manual labeling effort, the feedback remains con-151

strained to the coverage of external rules, essen-152

tially remaining a form of supervised training153

(Wang et al., 2025; Dong et al., 2025). Other re-154

searchs seeks complete independence from exter-155

nal intervention. MM-UPT (Wei et al., 2025) in-156

troduces a framework that adopts majority voting157

results among responses as pseudo-labels. EvolRL158

(Zhou et al., 2025) prioritizes the stability of ma-159

jority voting while refining rewards with novelty160

scores to enhance exploratory diversity. MultiA-161

gentEvolve (Chen et al., 2025b) and VisPlay (He162

et al., 2025) employ self-play dynamics by decou-163

pling the model into two roles: a challenging ques-164

tioner and an adaptive responder.165

Despite these explorations into unsupervised166

self-evolution, most existing approaches are re-167

stricted to providing binary (0/1) hard rewards168

based solely on the final answer (Kwan et al.,169

2025; Liu et al., 2025). Such coarse-grained feed-170

back is insufficient for guiding the model through171

critical reasoning points. Worse still, these sig-172

nals exacerbate a self-reinforcement trap, where173

the model continuously amplifies its initial distri-174

butional biases, accelerating the onset of model175

collapse. This degradation in signal quality ulti-176

mately leads to model collapse, causing training177

trajectories to deviate from valid logical reasoning.178

3 Methodology179

This section is structured as follows: First, sec-180

tion 3.1 provides a theoretical analysis of the un-181

derlying causes of model collapse in MLLM self-182

evolution under conventional majority voting, fol-183

lowed by how to mitigate this issue through soft-184

ened frequency rewards. Subsequently, Section185

3.2 introduces the CSRS framework, detailing186

its technical components including retracing re-187

inference, softened frequency rewards and visual188

perturbation strategies.189

3.1 Preliminary 190

3.1.1 Continuous Rewards as a Stabilizer 191

Compared to 0-1 Rewards 192

This study is grounded in the Group Relative Pol- 193

icy Optimization (GRPO) algorithm. In an unsu- 194

pervised self-evolution scenario, given a reference 195

distribution Pref , the model updates its policy by 196

maximizing the relative advantage of intra-group 197

samples A(x) = r(x) − r̄ subject to a KL diver- 198

gence constraint. The objective function is: 199

max
P

Ex∼P [A(x)]− βDKL(P∥Pref ) (1) 200

By constructing the Lagrangian functional: 201

L(P ) =
∑
x

P (x)A(x)− β
∑
x

P (x) log
P (x)

Pref (x)
202

+ λ

(∑
x

P (x)− 1

)
(2) 203

and taking the derivative with respect to P (x), we 204

derive the ideal closed-form solution for policy it- 205

eration during self-evolution: 206

Pn+1(x) =
Pn(x)e

An(x)/β

Z
(3) 207

where Z is the normalization constant and β is 208

KL regularization weight. This derivation reveals 209

that the essence of unsupervised self-evolution 210

is an exponential self-reinforcement process, 211

where the evolutionary trajectory of the distribu- 212

tion is driven by the advantage function An(x). 213

However, the conventional Majority Voting 214

(MV) mechanism defines r(x) as a binary reward, 215

a discrete signal that triggers over-concentration 216

of gradient updates on high frequency paths. 217

Marginal biases in the initial distribution are 218

rapidly polarized through iteration, causing the 219

probability density to map extremely toward high- 220

frequency mode regions. In the limit, the model 221

degenerates into a deterministic mapper (Yun 222

et al., 2025), stripped of its exploratory capacity. 223

To quantify and mitigate this process, we define 224

the Contrastive Factor Gn denoted as: 225

Gn =
Rn+1

Rn
= exp(η∆rn) (4) 226

where η is 1
β and Rn = Pn(x1)

Pn(x2)
. x1 are major- 227

ity samples and x2 are long-tail samples. Under 228

the MV mechanism, ∆rMV = 1 causes the con- 229

trastive factor to expand exponentially at the max- 230

imum rate of GMV = eη. 231
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In contrast, our proposed Softened Frequency232

Reward (SFR) provides a damping effect by intro-233

ducing continuity into the probability density. Let234

ρ denote the proportion of mode answers and ϵ de-235

note the proportion of long-tail answers. Then:236

GSR = exp(η(ρ− ϵ)) < GMV = exp(η) (5)237

Since 0 < ρ − ϵ < 1, this inequality proves238

that the SFR mechanism effectively curtails the239

trend of distributional polarization by reducing the240

contrastive gain, thereby preserving the necessary241

logical diversity for the model during the self-242

evolution process. Full mathematical proofs for243

the propositions discussed in this section are de-244

ferred to Appendix A.1 in detail.245

3.1.2 Retracing Resampling Overcomes246

Sampling Sparsity247

In long-range reasoning tasks, the candidate path248

space expands exponentially at a rate ofO(bL) rel-249

ative to the reasoning length L and the average250

number of choices b at each step, rendering correct251

reasoning paths extremely rare, a phenomenon252

known as sampling sparsity. Under a finite com-253

putational budget, stochastic sampling struggle to254

cover critical logical nodes. Consequently, early-255

stage biases are amplified through the recursive256

process, exacerbating the risk of model collapse.257

To address this, we introduce the concept of lo-258

cal stability, which posits that the robustness of a259

logical path should be calibrated by answer consis-260

tency at key decision points. Rather than merely261

narrowing the search, CSRS implements this by262

establishing retracing anchor points at intermedi-263

ate stages to trigger local resampling. This mecha-264

nism induces a deliberate distributional divergence265

from the original trajectory, effectively breaking266

the cumulative bias of the initial policy. It ex-267

pands the model’s reach into the long-tail sample268

space, providing a vital opportunity to discover269

correct but low-probability paths that would oth-270

erwise be suppressed by the primary distribution.271

This approach effectively curtails model collapse272

and provides more robust gradient guidance for273

the MLLM self-evolution process.274

3.2 Continuously Softened Retracing275

reSampling(CSRS)276

3.2.1 Theoretical Assumptions277

To systematically formalize our method, we estab-278

lish the following fundamental assumptions about279

mathmatical reasoning:280

Algorithm 1: Continuous Softened Retrac-
ing reSampling(CSRS)
Require :Dataset D, model θ, ratio ω,

resample m, learning rate α,
maternal num n.

1 Initialize optimizer O with θ;
2 for each minibatch {x} in D do
3 Sample An, τ ∼ πθ(| x);
4 for t = 1 to n do
5 τ ′ ← Concat(xpi , retrace(τ, ω));
6 Visual Perturbation xii ← x+ ϵ;
7 Resample new Am from τ ′, xii;
8 end
9 Aall ← An ∪ Am;

10 for i = 1 to n do
11 ribase ← An(ai)/Aall;
12 rfre ← Adjust(Am,Aall);
13 r ← rbase + rfre;
14 end
15 b← ComputeBaseline(·);
16 g ← ∇θ log πθ(a0 | x)(r − b);
17 θ ← θ + αO(g);
18 end
19 return θ

Semantic Uniqueness and Consistency of 281

Reasoning. For a mathematical problem of a 282

given complexity, the ideal reasoning path and its 283

corresponding terminal result should remain se- 284

mantically unique and consistent. We assume that 285

if a model regenerates its reasoning paths starting 286

from any intermediate step, the underlying math- 287

ematical logic and the final conclusion must re- 288

main invariant, regardless of linguistic variations 289

or paraphrasing in the expression. 290

Existence of Critical Reasoning Pivots. We 291

hypothesize that mathematical reasoning is not a 292

uniform linear progression but is governed by criti- 293

cal reasoning pivots, retracing anchor points as hu- 294

man solve a problem. These pivots are key steps 295

that shape the following reasoning and determine 296

whether the final answer is correct. 297

3.2.2 Algorithm Details 298

To overcome the training instability and model 299

collapse caused by the bias in majority voting 300

during unsupervised self-evolution, we propose 301

the Continuous Softened Retracing reSampling 302

(CSRS). This framework comprises three syner- 303

gistic components: Retracing Re-inference Mech- 304
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anism(RRM), Softened Frequency Reward(SFR)305

and Visual Semantic Perturbation(VSP). The pic-306

ture of our method pipeline can be seen in Fig 2.307

Retracing Re-inference Mechanism(RRM).308

In long-range mathematical reasoning tasks, sub-309

tle early-stage logical deviations tend to amplify310

exponentially as the reasoning steps progress. To311

capture and rectify these intermediate errors, we312

introduce a Retracing Re-inference Mechanism313

(RRM) . Let D denote a dataset consisting of314

prompt-image pairs (Xp, Xi). For a specific pair315

sampled from D, the text prompt Xp is repre-316

sented as a sequence of k tokens, denoted by317

Xp = (x1, x2, . . . , xk) and the model generates n318

initial reasoning paths, designated as maternal tra-319

jectories denoted as An = {Rp1 , · · · , Rpn}. Sub-320

sequently, a critical logical node ω, termed the321

retracing anchor point, is identified within each322

trajectory. For every response trajectory Rp =323

(y1, y2, · · · , yn), we truncate it at this anchor point324

and concatenate it with the original prompt:325

X ′
p = Concat(Xp, (y1, y2, · · · , ω)) (6)326

Then we guide the model to perform m lo-327

cal explorations for each prompt, resulting in a328

total of mn re-inference trajectories denoted as329

Am =
∪n

i=1{R1
pi , R

2
pi , · · · , R

m
pi} . This design330

transforms a broad global search into dense local331

sampling, ensuring no potential correct steps are332

missed at key logical forks.333

Softened Frequency Reward(SFR). To miti-334

gate the model collapse induced by the binary hard335

rewards of conventional majority voting, we de- 336

sign the Softened Frequency Reward (SFR). We 337

first construct a comprehensive set Aall = An ∪ 338

Am containing all (m + 1)n trajectory answers. 339

For any answer a from a maternal trajectory, its 340

base reward Rbase is defined as its statistical fre- 341

quency within the entire set: 342

Rbase(a) = fbase(a) =
Count(a,Aall)

(m+ 1)n
(7) 343

344

To further validate reasoning stability, we evalu- 345

ate the frequency variance of the answer between 346

the local re-inference set Am and the comprehen- 347

sive set Aall. This variance essentially quantifies 348

the sampling distribution divergence, enabling the 349

model to deviate from its original biased distribu- 350

tion and actively explore potential long-tail sam- 351

ples that are often neglected during global sam- 352

pling. If an answer’s frequency increases after lo- 353

cal re-inference, it validates the latent robustness 354

of that specific reasoning path. This trend signi- 355

fies that the path possesses superior conditional 356

consistency despite being a long-tail sample in the 357

model’s global distribution, prompting a hierarchi- 358

cal adjustment accordingly as follows: 359

Rfinal = (γtanh(β(
fr

fbase + ϵ
− 1) + 1)×Rbase

(8) 360

where fr = Count(a,Am)
mn denotes answer’s fre- 361

quency in re-inference answers set and γ, β are 362

hyper-parameters. By adjusting β, the reward 363

function becomes highly sensitive to correct but 364
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Table 1: Comparison with supervised methods. Our unsupervised method CSRS shows competitive performance
against base models and current SOTA MM-UPT across various benchmarks.

Model and Methods Unsupervised? Training Data MathVision MathVerse MathVista WeMath Avg

Qwen2.5-VL-3B 7 - 22.47 34.54 62.30 57.53 44.21
Qwen2.5-VL-7B 7 - 25.40 44.24 66.42 67.65 50.93

MM-UPT 3 Geometry3K 26.95 44.53 66.47 68.49 51.61
MM-UPT 3 GeoQA 26.61 44.15 65.84 68.25 51.21
MM-UPT 3 MMR1 25.98 45.12 66.27 69.14 51.63

CSRS (Ours) 3 Geometry3K 27.97 46.01 67.81 71.77 53.39
CSRS (Ours) 3 GeoQA 28.95 45.82 68.25 69.32 53.09
CSRS (Ours) 3 MMR1 27.86 45.89 67.81 70.53 53.05

Table 2: Modules ablation studies.

Module M-Vis. M-Ver. M-Vist. WeM.

MV 26.95 44.53 66.47 68.49
MV+SFR 27.24 45.41 66.84 69.81
MV+RRM 27.61 45.91 67.32 70.38
CSRS-N. 27.63 45.89 67.49 70.85
CSRS 27.97 46.01 67.81 71.77

Table 3: Re-inference Rollout.

Size (R) MathVista

R = 4 66.45
R = 5 68.25
R = 6 67.46
R = 7 66.01
R = 8 64.98

Table 4: Retracing Rates.

Retracing Rate MathVista

ω=0.1 66.31
ω=0.3 67.01
ω=0.5 66.58
ω=0.7 68.25
ω=0.9 66.43

low-frequency paths in the long-tail region. Mean-365

while, the saturation property of tanh caps the re-366

ward for high-frequency samples, preventing the367

model from over-fitting to common errors and ef-368

fectively mitigating model collapse.369

Visual Semantic Perturbation. To prevent the370

model from cheating by exploiting superficial vi-371

sual features rather than deep mathematical logic,372

we introduce Visual Semantic Perturbation(VSP)373

during the re-inference phase. By applying Gaus-374

sian noise ϵ ∼ N (0, σ2) to the original image I:375

376
I ′ = I + ϵ (9)377

This perturbation forces the model to rely on in-378

variant logical structures, ensuring that the self-379

evolution process is driven by genuine reasoning380

rather than visual heuristics in images.381

4 Experiment382

In this section, we conduct extensive experiments383

to evaluate the performance of CSRS. We begin384

by detailing the experimental configuration in Sec-385

tion 4.1, covering the benchmarks, evaluation met-386

rics, and specific implementation details. Subse-387

quently, Section 4.2 presents our primary results388

along with a comprehensive performance analy-389

sis across various multimodal reasoning tasks. Fi-390

nally, we perform ablation and visualization stud-391

ies in Section 4.3 to evaluate the effectiveness of392

each component in our method. Specific cases393

study are clearly presented in Appendix A.3.394

4.1 Experimental Setup 395

Datasets and Benchmarks. In this study, we fo- 396

cus on the stability of internal signals in unsuper- 397

vised self-evolution. We select Geometry3K (Lu 398

et al., 2021), GeoQA (Chen et al., 2021), MMR1 399

(Leng et al., 2025) as the primary training sets 400

for the self-evolution process. To evaluate the 401

reasoning capabilities of our model, we employ 402

four mainstream multimodal scientific reasoning 403

benchmarks: (1) MathVision (Lu et al., 2021) , 404

(2) MathVerse (Zhang et al., 2024) , (3) Math- 405

Vista (Lu et al., 2023) , and (4) We-Math (Qiao 406

et al., 2025) . These benchmarks provide a com- 407

prehensive evaluation ranging from formal geo- 408

metric problems to complex mathematical reason- 409

ing situated in diverse real-world contexts. 410

Implementation Details. Our unsupervised post- 411

training pipeline is implemented using the veRL 412

(veRL Team, 2024) framework, built upon the 413

GRPO algorithm. Specifically, the training is 414

conducted over 15 epoches. We utilize the 415

AdamW(Loshchilov and Hutter, 2017) optimizer 416

with an initial learning rate of 1 × 10−6 and a 417

weight decay of 0.01, applying gradient clipping 418

at a maximum norm of 1.0 to ensure numerical sta- 419

bility. The KL divergence constraint β in GRPO 420

is set to 0.01 to regularize policy updates. During 421

the rollout phase, we set the temperature to 1.0 to 422

achieve an optimal trade-off between output diver- 423

sity and logical quality. We initially generate n=8 424

maternal trajectories for each prompt, followed by 425

6



(a) Proportion of correct answers. (b) Samples distribution percentage.

Figure 3: Visualization of the propotion of correct answers and samples during training. (a) The propotion of
correct answers in different reward ranges. (b) The change of samples’ propotion in different reward ranges. CSRS
promotes accuracy gains across the reward spectrum while preventing reward homogenization.

Figure 4: The change of distribution of Maternal Answers Set and Re-inference Answers Set. The figure
shows different distribution of samples in two sets during training at the step of 20,60,100.

m=5 local re-inference trajectories starting from426

the retracing anchor points. All other hyperparam-427

eters follow the default configurations of the veRL428

(veRL Team, 2024) framework.429

4.2 Experiment Results430

In this section, we evaluate Continuous Softened431

Retracing reSampling (CSRS) by comparing it432

with the state-of-the-art MM-UPT (Wei et al.,433

2025) baseline and the original Qwen2.5-VL (Bai434

et al., 2025) base models. To ensure a fair435

and rigorous comparison, both CSRS and MM-436

UPT are post-trained using the same Qwen2.5-437

VL-7B backbone under identical experimental set-438

tings. The experimental results on four bench-439

marks MathVision, MathVerse, MathVista and440

We-Math are summarized in Table 1.441

As demonstrated in our results, CSRS achieves442

consistent performance gains over both the raw443

base models and the MM-UPT baseline. Specif-444

ically, when utilizing Qwen2.5-VL-7B as the445

backbone, the CSRS-enhanced model achieves446

scores of 28.95%, 46.01%, 68.25%, 71.77% 447

respectively on four benchmarks, outperform- 448

ing the MM-UPT baseline by 2.34%, 1.48%, 449

2.41%, 3.28% respectively and surpassing the per- 450

formance of the original Qwen2.5-VL-7B base 451

model. These results suggest that CSRS is effec- 452

tive in complex geometric reasoning tasks, as it 453

mitigates the model collapse often encountered in 454

standard reinforcement learning while better ex- 455

ploiting high-quality reasoning paths. 456

4.3 Ablation Experiments and Visualization 457

The Synergistic Effect of Retracing Re- 458

inference and Softened Frequency Rewards. A 459

fundamental strength of our framework lies in the 460

synergy between Retracing Re-inference and the 461

Softened Frequency Reward. As demonstrated in 462

Table 2, removing either module results in a sub- 463

stantial performance degradation. This indicates 464

that the model can overcome training instability 465

in unsupervised learning when retracing provides 466

diverse exploratory samples in long-tail regions. 467
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Efficacy of Softened Frequency Reward Re-468

placing. Our softened frequency reward plays a469

significant role in CSRS. Crucially, as shown in470

the reward curves in Fig 3, in the training set, a471

significant portion of correct samples possess a fre-472

quency of less than 50%. Our softened frequency473

reward mechanism assigns hierarchical rewards to474

these samples, providing more granular supervi-475

sion that stabilizes training and enhances overall476

performance. As illustrated in Fig 3a, the propor-477

tion of correct samples across all reward ranges478

exhibits a consistent upward trend as training pro-479

gresses. This empirically validates our theoretical480

derivation in Section 3.1.481

Effect of Visual Semantic Perturbation. Fi-482

nally, we evaluate the impact of visual perturba-483

tion as shown in Fig 2. Removing this perturbation484

leads to performance decay across all three bench-485

marks. This reinforces our hypothesis that visual486

perturbation prevents the model from relying on487

superficial visual features, compelling it to priori-488

tize deep mathematical logic and thus enhancing489

the overall robustness of the reasoning process.490

Ablation of hyperparameters. As shown in491

Table 3, the performance improves as the num-492

ber of re-inference rollouts increases from 3 to493

7, reaching its peak at 5. While increasing roll-494

outs initially facilitates the exploration of diverse495

information around anchored trajectories, exceed-496

ing this threshold leads to cumulative errors and497

introduces excessive computational overhead.498

Regarding the retracing rate shown in Table 4499

we observe a fluctuating yet upward trend, with500

performance peaking at 0.7. An excessively low501

retracing rate causes the search space to collapse502

back into the exponentially vast domain character-503

istic of traditional majority voting. Conversely, a504

high retracing rate implies the reasoning path is505

already functionally deterministic, offering negli-506

gible room for further refinement.507

Visualization of Maternal Answers Set and508

Re-inference Answer Set. We employed all-509

MiniLM-L6-v2 (SentenceTransformers, 2024) to510

perform a semantic space analysis on the sets of511

maternal trajectories and re-inference trajectories512

during the training process. The corresponding t-513

SNE visualizations at steps 20, 60, and 100 are514

provided in Fig 4. It is observed that the seman-515

tic scope of the maternal trajectories progressively516

contracts into a relatively confined space, mani-517

festing the model collapse phenomenon. How-518

ever, our retracing re-inference mechanism en-519

ables the model to backtrack to established anchor 520

points for subsequent reasoning. This process ef- 521

fectively mitigates early-stage bias and maintains 522

a substantially larger search space around anchor 523

points, thereby facilitating the exploration of long- 524

tail samples and alleviating the risk of model col- 525

lapse. 526

5 Conclusion 527

This paper presents Continuous Softened Retrac- 528

ing reSampling(CSRS) designed to address the 529

challenge of model collapse in the unsupervised 530

self-evolution of MLLMs. CSRS introduces a 531

novel retracing re-inference mechanism to effec- 532

tively explore model’s coverage of the logical 533

long-tail distribution samples. It implements soft- 534

ened frequency reward and visual perturbation dy- 535

namically calibrate the frequency variance across 536

sampling distributions, steering the model away 537

from over-fitting to high-frequency biases. 538

Empirical results demonstrate that CSRS con- 539

sistently outperforms contemporary unsupervised 540

methods across multiple multimodal benchmarks. 541

The success of CSRS suggests that we must accu- 542

rately calibrate the model’s self-generated rewards 543

and narrow down its search to the most important 544

logical steps in the task of MLLM’s self evolution. 545

Limitations 546

While CSRS demonstrates significant potential in 547

the field of unsupervised MLLM self-evolution, 548

we acknowledge several limitations that provide 549

promising directions for future research: 550

First, while the retracing re-inference mecha- 551

nism substantially enhances signal quality, it intro- 552

duces additional computational overhead during 553

the training phase. Developing more computation- 554

ally efficient retracing strategies, particularly for 555

ultra-large-scale models, remains a vital area for 556

further exploration. 557

Second, our current evaluation and methodol- 558

ogy are primarily focused on mathematical reason- 559

ing tasks. It remains to be fully explored about 560

broader, open-ended general scene understanding. 561

Extending CSRS to diverse multimodal tasks is a 562

key objective for our future work. 563

Looking ahead, we aim to further investigate 564

the evolution of intrinsic reward mechanisms 565

from static logical verification into dynamic, self- 566

reflective evaluation, which would facilitate pre- 567

ciser guidance of reasoning quality in scenarios. 568
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A Appendix 730

A.1 Proof of Section 3.1 731

To theoretically justify how Continuous Softened 732

Retracing reSampling (CSRS) alleviates model 733

collapse, we analyze the evolutionary dynamics of 734

the policy under different reward mechanisms. 735

Proposition 1 (Self-evolution Closed-form Solu- 736

tion). In the GRPO optimization objective, adopt- 737

ing majority voting leads to distribution collapse, 738

and its ideal closed-form solution P (x) and the 739

reference distribution Pref(x) satisfy the following 740

relation: 741

P (x) =
Pref(x)e

An(x)/β

Z
742

where Z is the normalization constant. 743

Proof. According to the Lagrange multiplier 744

method, we construct the following functional: 745

Under the GRPO optimization objective, the ideal 746

closed-form solution is given by: 747

max
P

Ex∼P [An(x)]− β DKL
(
P ∥ Pref

)
748

where P denotes the optimal distribution to be 749

found. Applying the Lagrange multiplier method 750

yields: 751

L(P ) =
∑
x

P (x)An(x)− β
∑
x

P (x) log
P (x)

Pref(x)

+ λ
(∑

x

P (x)− 1
) 752

with λ being the Lagrange multiplier. Differentiat- 753

ing with respect to P (x) gives: 754

∂L
∂P (x)

= An(x)− β
(
log

P (x)

Pref(x)
+ 1
)
+ λ = 0. 755

Solving this yields 756

P (x) = Pref(x)e
An(x)

β
+C

=
Pref(x)e

An(x)
β

Z
. 757

Consequently, for a MLLM that uses majority vot- 758

ing for selfevolution, its gradient dynamics follow 759

the equation above, where 760

An(x) = 1(x ∈Mn)− ρn, 761

where Mn the set of majority votes and ρn the av- 762

erage proportion of the majority. When the ma- 763

jority voting mechanism is employed, the value of 764
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An(x) at majority points is large, so that eAn(x)/β765

is dominated by An(x) (here β is a constant). Al-766

though the KL divergence term can be partly con-767

strained by β, the self evolution trend still col-768

lapses towards the majority region or areas of high769

probability density in the models own distribution.770

In the limit, this distribution collapse degenerates771

into an extreme, fixed mapping.772

Proposition 2 (CSRS Can Relieve Model Col-773

lapse). When a reinforcement learning algorithm774

uses GRPO, softening the frequency reward com-775

pared with the 01 reward of majority voting allevi-776

ates the distributioncollapse phenomenon in LLM777

selfevolution.778

Proof. We have An(x) = r(x) − r̄. For the soft-779

enedfrequency reward,780

Asf(x) = Pn(x)− P̄n.781

Since782

E[r̄] = Ex∼Pn [r(x)]

=
∑
y∈Pn

Pn(y)r(y)

=
∑
y∈Pn

Pn(y)Pn(y)

=
∑
y∈Pn

P 2
n(y)

783

it follows that784

Asf(x) = Pn(x)−
∑
y∈Pn

P 2
n(y).785

According to the gradient dynamic expression in786

Proposition1, the update with the softenedfre-787

quency reward reads788

Pn+1(x) = Pn(x) exp
(η(Pn(x)−

∑
y∈Pn

P 2
n(y)

)
Z

)
.789

Let xtail denote a long tail event in the selfevo-790

lution. For majority voting, AMV = 0 − ρ = −ρ,791

which gives792

Pn+1(x) = Pn(x)e
−ηρn .793

For the softened frequency reward, writing794

Pn(xtail) = ϵ, we obtain795

Pn+1(xtail) = Pn(xtail)
eηϵ

Z eηP̄n
.796

Define a contrast operator: let x1 be majority 797

samples and x2 longtail samples. The contrast at 798

the n-th iteration is 799

Rn =
Pn(x1)

Pn(x2)
. 800

The contrast at the next generation is 801

Rn+1 = Rn exp
(
η [rn(x1)− rn(x2)]

)
. 802

Define the contrast factor as 803

Gn =
Rn+1

Rn
= exp

(
η∆rn

)
, 804

where 805

∆rn =

{
1, if x ∈ Distri(MV),

ρ− ϵ, if x ∈ Distri(SF).
806

Because 0 < ρ − ϵ < 1, we have Gsf < Gmv. 807

Hence the softenedfrequency reward slows down 808

the rate of distribution collapse. 809

A.2 Implementation Details 810

A.2.1 Compute Resources 811

We conduct our experiments using NVIDIA A800- 812

80G GPUs. The experimental time using 8 A800 813

for training Qwen2.5-VL-7B (Bai et al., 2025) 814

on the Geometry3K (Wang et al., 2024),GeoQA 815

(Chen et al., 2021), MMR1 (Leng et al., 2025) 816

dataset using GRPO is around 36 hours. 817

A.2.2 Entropy Change 818

Figure 5: Entropy Change during training

We further compare the evolution of policy en- 819

tropy between our proposed CSRS and the Ma- 820

jority Voting baseline (MM-UPT) throughout the 821

training process, as illustrated in Fig. 5. It is ev- 822

ident that the entropy in CSRS exhibits a slower 823
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and more gradual decay compared to MM-UPT.824

Unlike the binary reward structure of majority vot-825

ing, CSRS maintains higher training stability and826

effectively mitigates model collapse. This gentler827

transition allows the model to have more access to828

long-tail samples, thereby facilitating the acquisi-829

tion of more diverse and informative learning sig-830

nals.831

A.2.3 Hyperparameters832

Our complete hyperparameters and system config-833

urations are shown in Table 5.834

Table 5: Complete Hyperparameter and System Con-
figurations.

Category Hyperparameter (Value)

Data Configuration
Train Batch Size 256
Max Prompt Length 1024
Max Response Length 1536
Filter Overlong Prompts True
Truncation Strategy "error"
Image Key "images"

Model & Optimization
Base Model Qwen2.5-VL-7B-Instruct
Optimizer Learning Rate 1e-6
KL Loss Coefficient (β) 0.01
KL Loss Type Low-Var KL
Entropy Coefficient 0
Gradient Checkpointing Enabled
Remove Padding / Fused Kernels Enabled

PPO / GRPO Settings
Algorithm GRPO
PPO Mini Batch Size 64
PPO Micro Batch Size (per GPU) 8
Rollout Group Size (G) 8
Ref Log-Prob Micro Batch (GPU) 4
Param Offload (Ref Model) True

Sampling & Retracing (CSRS)
Rollout Engine vLLM
Sampling Group Size (n) 8
Cut Number (cut_n) 5
Retracing Rate 0.3
GPU Memory Utilization 0.6

Trainer Settings
Total Epochs 15
GPUs per Node 8
Number of Nodes 1
Test Frequency 5 epochs
Save Frequency 20 steps

A.3 Case Study835

In this section, we demonstrate how CSRS oper-836

ates on mathematical problems during the training837

process. As illustrated in following boxes, within838

the initial set of maternal trajectories generated by839

the model, the majority of reasoning paths exhibit840

typical errors such as relying on superficial math-841

ematical cues, convoluted logical reasoning, and 842

incorrect initial directions. In this instance, only 843

a single correct reasoning path exists. Under a 844

conventional majority voting scheme, the model 845

would inevitably evolve toward its own distribu- 846

tional bias (e.g., the incorrect answer "47"). How- 847

ever, with the application of CSRS, a higher fre- 848

quency of correct reasoning paths emerges within 849

the re-inference set. Furthermore, correct paths 850

with low frequency are no longer penalized with 851

a zero reward, thereby preserving valuable learn- 852

ing signals. 853

1. Maternal Rollouts for Problem

Maternal Response 1: To find angle BDA, we
note that the inscribed angle BDC intercepts arc
CB (94◦), so ∠BDC = 47◦. Since AB ∥ DC,
∠BDA = ∠BDC. Therefore, ∠BDA = 47◦.
Maternal Response 2: Using cyclic quadrilateral
properties, ∠BCA intercepts arc CB, so ∠BCA =
47◦. Opposite angles in a cyclic quadrilateral sum to
180◦, so ∠BDA = 180◦ − 47◦ = 133◦.
Maternal Response 3: ∠BDC intercepts arc CB,
giving ∠BDC = 47◦. Since AB ∥ DC, ∠BDA =
∠BDC. Therefore, ∠BDA = 47◦.
Maternal Response 4: ∠BDC = 1

2
· ĈB = 47◦.

Due to the parallel lines, ∠BDA = ∠BDC. Thus,
∠BDA = 47◦.
Maternal Response 5: ∠BDA is an inscribed angle
intercepting the same arc as central angle BZA. So
∠BDA = 1

2
· ∠BZA = 1

2
× 104◦ = 52◦.

Maternal Response 6: Since AB ∥ DC, ∠BAC =

∠BDC = 1
2
· ĈB = 47◦. And ∠BDA = ∠BAC,

so ∠BDA = 47◦.
Maternal Response 7: In the cyclic quadrilateral,
∠BCA intercepts arc CB, so ∠BCA = 47◦. The op-
posite angle sum gives ∠BDA = 180◦−47◦ = 133◦.
Maternal Response 8: We find arc BA from central
angle BZA: B̂A = 2× 104◦ = 208◦. ∠C intercepts
arc CB: ∠C = 47◦. Using opposite angle sum in the
cyclic quadrilateral, ∠A = 133◦. Due to parallel lines,
∠BDA = ∠C = 47◦.

854

2. Cut rollouts for Problem

Re-inference Response 9: The central angle BZA is
given as 104◦. The inscribed angle BDA subtends
the same arc BA. By the inscribed angle theorem,
∠BDA = 1

2
· ∠BZA = 52◦. The parallel lines con-

dition is not needed for this calculation.
Re-inference Response 15: The reasoning is as fol-
lows: The central angle BZA is 104◦. Since the in-
scribed angle BDA subtends the same arc BA, its
measure is half of the central angle, which is 52◦. The
information about parallel lines is not used.
Re-inference Response 18: ∠BDA subtends arc BA,
and central angle BZA subtends the same arc. By the
inscribed angle theorem, ∠BDA = 1

2
× 104◦ = 52◦.

Re-inference Response 35: We use the inscribed an-
gle theorem: The measure of an inscribed angle is half
the measure of the central angle that subtends the same
arc. Therefore, ∠BDA = 1

2
× 104◦ = 52◦.

855
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Re-inference Response 39: The measure of ∠BDA
is determined by the central angle BZA (104◦) since
they subtend the same arc BA. Applying the inscribed
angle theorem gives ∠BDA = 52◦. The parallel con-
dition is not necessary for this solution.

856

The box3 and box4 illustrate the specific format-857

ting of prompts and responses employed during858

the training phase. Notably, the entire reasoning859

trajectory is encapsulated within <think></think>860

tags to facilitate structured cognitive processing,861

while the final conclusion is presented within a862

\boxed{} environment for automated extraction.863

3. Maternal Rollout Example

prompt:"system You are a helpful assistant. user For
the pair of similar figures, use the given areas to find
x. You FIRST think about the reasoning process as
an internal monologue and then provide the final an-
swer. The reasoning process MUST BE enclosed
within <think> </think> tags. The final answer MUST
BE put in \\boxed.assistant"
output:"<think> To find the value of x , we need to use
the properties of similar figures. The ratio of the areas
of two similar figures is equal to the square of the ratio
of their corresponding side lengths.1. Let the ratio of
the corresponding side lengths be k. 2. The area of the
smaller figure is 50 in2. 3. The area of the larger fig-
ure is 72 in2.4. The ratio of the areas is \frac{50}{72}
.5. Since the areas are proportional to the square
of the side lengths, we have k2 = \frac{50}{72} .
6. Solving for k, we get k = \sqrt{\frac{50}{72}}
= \sqrt{\frac{25}{36}} = \frac{5}{6} . 7. The side
length x corresponds to the smaller figure, and the side
length of the larger figure is 6 inches. 8. Therefore,
x = 6 times \frac{5}{6} = 5 . So, the value of x is 5
inches.</think> \\boxed{5}"

864

4. Retracing Rollout Example

prompt:"system You are a helpful assistant. user Find
x. Assume that segments that appear to be tangent are
tangent. You FIRST think about the reasoning process
as an internal monologue and then provide the final
answer. The reasoning process MUST BE enclosed
within <think> </think> tags. The final answer MUST
BE put in \\boxed{}. assistant <think> To find the
value of x, we need to use the property of tangent seg-
ments to a circle.assistant"
output:"<think>The tangent segments from an exter-
nal point to a circle are equal in length.In the given
diagram, the segment that appears to be tangent from
the external point to the circle is 14, and the segment
that appears to be tangent to the circle from the same
external point is x .Since the segments are tangent to
the circle from the same external point, they are equal
in length. Therefore, we can set up the equation: x =
14 So, the value of x is 14.</think> \\boxed{14}"

865

As a representative error analysis, box5 illus-866

trates how logical bias propagates even after re-867

inference: In our observations, when re-inference868

is initiated from a retracing anchor point, the re- 869

sulting trajectories exhibit two distinct behaviors: 870

logical persistence and strategic reflection. If the 871

initial reasoning direction is flawed, persistent tra- 872

jectories often lead to consistent but incorrect con- 873

clusions. Conversely, the reflective paths demon- 874

strate a self-correction capability, where the model 875

deviates from the original erroneous logic to dis- 876

cover the valid solution. 877

5. Bad Cases

Concatenated Prompt: You are a helpful assistant.
user. Find JL, if KP = 4 and PM = 7. You FIRST
think about the reasoning process as an internal mono-
logue and then provide the final answer. The reasoning
process MUST BE enclosed within <think> </think>
tags. The final answer MUST BE put in \boxed{}. In
the diagram, we have a kite shape with the diagonals as
the main focus. The diagonals of a kite are perpendic-
ular to each other and bisect each other at right angles.
Here, diagonal KS is perpendicular to diagonal JL at
point P .

Correct Response (Maternal):
The diagonals of the kite/rhombus intersect at point P
and bisect each other. Since KP = 4 and PM =
7, the total length of diagonal JL is the sum of these
segments: JL = KP + PM = 4 + 7 = 11. 11

Incorrect Response 1:
Treating the shape as a kite where the diagonals are
perpendicular and bisect each other, one might incor-
rectly assume PM is half of JL, leading to JL =

2× PM = 14. 14

Incorrect Response 2:
Assuming the figure is a rhombus, the side length
JL might be calculated as the hypotenuse of the
right triangle formed by the half-diagonals: JL =
√
KP 2 + PM2 =

√
65.

√
65

Incorrect Response 3:
Interpreting the figure as a parallelogram where diag-
onals bisect each other, one might incorrectly sum the
segments and double them: JL = 2×(KP+PM) =

22. 22

Incorrect Response 4:
Assuming symmetry incorrectly leads to JL = KP =
4, then the full diagonal length is doubled: JL = 2 ×
4 = 8. 8

878
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