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Abstract001

Entropy mechanism emerges as a key organiz-002
ing principle for understanding and improving003
Large Reasoning Models (LRMs). This sur-004
vey examines how entropy shapes both their005
training and inference behavior. On the train-006
ing side, we take a mathematical perspec-007
tive: casting existing RL-based reasoning al-008
gorithms into a unified objective and using this009
formulation to derive an entropy-centric de-010
composition of methods, clarifying how differ-011
ent approaches adjust exploration–exploitation012
"knobs". On the inference side, based on the013
characteristic of LRM that trading increased014
inference tokens yields better performance,015
we summarize methods that leverage entropy016
to enhance inference performance or reduce017
uncertainty. Finally, we discuss open chal-018
lenges and future directions of entropy-driven019
research for LRMs. Our repository is available020
on https://anonymous.4open.science/r/021
Awesome_LRM_with_Entropy-0503.022

1 Introduction023

Large Reasoning Models (LRMs) (e.g., Ope-024

nAI o1 (OpenAI, 2024) and DeepSeek-R1 (Guo025

et al., 2025)) are designed for slow think-026

ing—deliberate, token-intensive reasoning that027

markedly improves systematic reasoning and com-028

plex problem-solving (Pan et al., 2026; Li et al.,029

2025d). Their reasoning capabilities are supported030

by two key components: (i) Reinforcement Learn-031

ing (RL)–based training, which explicitly encour-032

ages and shapes reasoning behavior (Zeng et al.,033

2025a; Kimi Team, 2025; MiniMax-AI, 2025), and034

(ii) Test-Time Scaling (TTS) (Muennighoff et al.,035

2025; Chen et al., 2024b), which allocates substan-036

tially more inference-time compute to extend and037

refine the reasoning trace.038

Entropy measures the model’s uncertainty over039

the next-token distribution. A high entropy indi-040

cates many possible continuations, whereas a low041
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Figure 1: The left panel shows reward and entropy dur-
ing GRPO training on GSM8K with Qwen3-8B, and
the right panel shows entropy at inference after training,
where the high entropy parts are shown.

entropy suggests the model is more certain or con- 042

servative. According to existing studies, entropy 043

plays a central role in both the RL training and TTS 044

inference stages of LRMs. During RL, entropy and 045

task reward naturally lie at opposite ends of the ex- 046

ploration–exploitation trade-off (Xue et al., 2025; 047

Zhang et al., 2025c; Audibert et al., 2009; Yue 048

et al., 2025), as illustrated in Fig. 1(left). In settings 049

with sparse rewards, PPO/GRPO-style ratio clip- 050

ping and batch- or group-mean baselines (Schul- 051

man et al., 2017; Shao et al., 2024) induce sys- 052

tematic bias in estimated advantages, driving the 053

policy to concentrate probability mass on a narrow 054

set of high-reward trajectories (Jin et al., 2025; Liu 055

et al., 2025b). This behavior accelerates entropy 056

collapse and premature convergence, sharply reduc- 057

ing exploration and solution-space coverage and 058

ultimately trapping the model in suboptimal pol- 059

icy regions (Cui et al., 2025; Huang et al., 2025b; 060

Hao et al., 2025). During inference, LRMs gener- 061

ate far longer reasoning than conventional Large 062

Language Models (LLMs). The high-entropy seg- 063

ments are typically regarded as an important in- 064

ternal signal and turning points in the reasoning, 065

where it initiates reflection, introduces assumptions, 066

and triggers other key reasoning patterns (Wang 067

et al., 2025f; Shorinwa et al., 2025) as Fig. 1(right). 068

By understanding, controlling, and exploiting the 069

transitions between high- and low-entropy phases 070
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Figure 2: Timeline of papers on entropy mechanisms in LRM within one year after the emergence of GRPO.

during reasoning, researchers can raise the think071

quality of LRMs (Kayal et al., 2025; Farquhar072

et al., 2024). Fig. 2 shows the rapid growth of073

LRM+entropy research, led by top institutes, high-074

lighting entropy’s importance in LRMs.075

This survey examines entropy mechanisms in076

LRM training and inference, as shown in Fig. 3,077

which highlights the relevant work and classifica-078

tions. On the training side, we introduce a new uni-079

fying perspective: we embed existing approaches080

into a single RL objective and interpret their ef-081

fects as regularizing specific parameters within that082

objective. Distinct from prior surveys organized083

around benchmarks and problem types (Xu et al.,084

2025a; Liu et al., 2025c), we categorize training085

methods according to their modified parameters in086

PPO/GRPO’s original optimization objective, ex-087

plicitly identifying the specific ‘knob’ that is modi-088

fied for each. On the inference side, we revisit sev-089

eral recurring criticisms of LRMs (e.g., excessive090

inference time (Zhang et al., 2025c; Alomrani et al.,091

2025)) and analyze how entropy-aware TTS tech-092

niques leverage intrinsic signals to mitigate these093

issues in practice. Building on these insights, we094

highlight key open challenges and outline several095

promising directions for future research.096

2 Entropy Mechanism in LRM Training097

LRMs are typically trained with policy-gradient098

methods, such as PPO and GRPO, to strengthen099

their inference capabilities (Schulman et al., 2017;100

Shao et al., 2024; Zhang et al., 2025c). The 101

corresponding training loss is shown in Fig. 4. 102

{oi}Gi=1 ∼ πθold(· | q) denotes a group of G tra- 103

jectories generated by the behavior policy πθold . 104

Each trajectory oi has a token sequence of length 105

|oi|, and the inner sum runs over token positions 106

t = 1, . . . , |oi|. ri,t(θ) is the importance ratio. 107

Existing training approaches largely operate by 108

adjusting five control knobs: (i) The sampling 109

term q ∼ P (Q) determines which queries are ex- 110

posed to the learner and thus which parts of the loss 111

landscape are emphasized during training. (ii) The 112

advantages of tokens Âi,t determine which pattern 113

is encouraged/punished. (iii) The clip ratio clip(·), 114

which controls the magnitude of policy updates by 115

capping the importance ratio ri,t. And (iv) The KL 116

loss β DKL(πθ ∥πref) regularizes deviation from 117

a reference policy controlled by β. Additionally, 118

some methods directly change (v) The learning 119

objective itself JPPO/GRPO(θ), for example by 120

adding or reweighting loss terms. We organize all 121

methods by the parameters they modify to form 122

an entropy-control guideline; methods that affect 123

multiple parameters are presented separately. 124

2.1 Sampling – q ∼ P (Q) 125

Policy learning algorithms learn from self- 126

generated samples, making sampling schemes cru- 127

cial for training. In GRPO-based methods, within- 128

group sample diversity is essential for effective 129

learning signals. Based on rollout trajectories, sam- 130

pling approaches can be categorized as: (1) Single- 131
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Figure 3: An entropy-centric overview of LRM mechanisms in training and inference.

JPPO/GRPO(θ) = E q∼P (Q),

{oi}Gi=1∼πθold (·|q)

[
− 1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min
(
ri,t(θ) Âi,t, clip

(
ri,t(θ), 1− ε, 1 + ε

)
Âi,t

)
+ β DKL

(
πθ ∥πref

)]

Figure 4: The PPO/GRPO optimization objective, where different colors mark different parts.

Turn Sampling, the standard single-round infer-132

ence commonly used in tasks like math reasoning;133

(2) Agentic Sampling, involving multi-turn roll-134

outs with tool interactions135

2.1.1 Single-Turn Sample136

AEPO-Wang (Wang et al., 2025b) adopts a dy-137

namic sampling strategy: when the overall en-138

tropy is low, it increases the sampling tempera-139

ture, and when the entropy is high, it decreases140

the temperature, thereby controlling the diversity141

of samples. Some methods treat high-entropy to-142

kens in the sampling process as critical turning143

points and use them as signals to branch the sam-144

pling trajectories. TreeRL (Hou et al., 2025) is a145

representative example: it uses such high-entropy146

tokens to construct tree-structured sampling results.147

FR3E (Zheng et al., 2025b), ADR (Zhang et al.,148

2025f), and ETTRL (Liu et al., 2025a) adopt simi-149

lar strategies. In contrast, CURE (Li et al., 2025b)150

emphasizes that the rollout should already be in a151

high-entropy regime at the very beginning to en-152

hance the diversity of early decisions and concate-153

nates the low-entropy segments of the rollout into154

the prompt and then re-rolls for new samples. Cao155

et al. (Cao et al., 2025a) directly use entropy as a 156

measure of problem difficulty, constructing a cur- 157

riculum learning trajectory that progresses from 158

low to high-entropy—that is, from easy to hard. 159

2.1.2 Agentic Sample 160

For agentic sampling, the presence of tool-related 161

information that is not directly generated by 162

the model leads to irregular entropy fluctuations. 163

ARPO (Dong et al., 2025b) observes this phe- 164

nomenon and, analogous to single-turn samples, 165

shares the preceding prefix at high-entropy tool- 166

call turns and then samples new branches from 167

that point. AEPO-Dong (Dong et al., 2025a), as 168

a follow-up, found that multiple consecutive high- 169

entropy rounds would concentrate limited branch- 170

ing resources on a few tracks, causing sampling 171

to "freeze" on a high-entropy chain (high-entropy 172

rollout collapse). Therefore, AEPO-Dong added 173

entropy pre-monitoring and branch penalties to the 174

ARPO framework: on the one hand, adaptively 175

allocating the number of global vs. branch roll- 176

outs based on problem entropy/tool entropy; on the 177

other hand, suppressing consecutive high-entropy 178

branches on the same path, distributing exploration 179
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more evenly across different tracks.180

2.2 Advantage – Âi,t181

In RL, advantage fundamentally influences the di-182

rection of optimization, while original GRPO’s ad-183

vantage setting is also considered to be one of the184

causes of entropy collapse. Some studies directly185

control entropy changes during the reinforcement186

process by modifying different advantage calcula-187

tion methods. They can be categorized from two188

perspectives: (1) Entropy as Advantage Bonus,189

where entropy or entropy-derived metrics are di-190

rectly incorporated into the advantage calculation.191

(2) Entropy as Coefficient, where entropy is used192

to weight the advantage, thereby amplifying or sup-193

pressing tokens within specific entropy ranges.194

2.2.1 Entropy as Advantage Bonus195

A significant body of work incorporates entropy196

bonus into the advantage function to foster diversity197

and deeper reasoning. For example, Cheng (Cheng198

et al., 2025) found that augmenting the advantage199

function with an entropy term can encourage the200

LLM to generate longer, deeper reasoning pro-201

cesses, leading to better Pass@K coverage. RL-202

ZVP (Le et al., 2025) designed a finer-grained203

reward signal based on policy entropy for zero-204

variance samples. For fully correct problems, en-205

tropy is directly used as the advantage, promoting206

diverse correct solutions; for fully incorrect prob-207

lems, the token minus the maximum entropy value208

is used as the advantage, ensuring that tokens with209

higher entropy incur smaller penalties, while low-210

entropy tokens are penalized more, thus encourag-211

ing further exploration. Some works (Deng et al.,212

2025) found that token entropy follows a U-shaped213

distribution, with higher values at the beginning214

and end of sequences. In the early stages, high-215

entropy tokens dominate exploration, while in the216

terminal stages, high-entropy tokens reflect reason-217

ing uncertainty. Motivated by similar observations,218

PEAR (Huang et al., 2025a) uses the difference be-219

tween the entropy of thinking content and answer220

content as an additional advantage, encouraging221

more exploration in the early stages and normaliza-222

tion in the later stages.223

Unlike the approach of maximizing entropy to224

encourage exploration in LLMs, EM-INF (Agarwal225

et al., 2025) demonstrates that minimizing entropy226

can surprisingly enhance model performance by227

making the model’s outputs more stable. Similarly,228

EMPG (Wang et al., 2025e) imposes a penalty on229

future entropy, actively guiding the agent away 230

from high-uncertainty and ambiguous tokens. 231

Beyond classical entropy, some works note that 232

semantic entropy can also serve as an auxiliary sig- 233

nal in advantage calculations. Seed-GRPO (Chen 234

et al., 2025b) adopts semantic entropy to measure 235

the diversity of generated answers to a prompt, 236

thereby directing the model to focus on sam- 237

ples with higher semantic entropy uncertainty. 238

EMPO (Zhang et al., 2025b) observes that seman- 239

tic entropy has a strong negative correlation with 240

model accuracy and can be an effective advantage 241

term for minimizing unreliable generations. 242

2.2.2 Entropy as Advantage Coefficient 243

Several studies utilize entropy to modulate the 244

importance of tokens or samples during updates. 245

EDGE-GRPO (Zhang et al., 2025e) directly uses 246
1

H(πθ(·|o)) as a coefficient to encourage the update 247

of low-entropy tokens. UCAS (Xie et al., 2025) 248

classified the coefficients for positive and nega- 249

tive sample pairs, encouraging low-entropy for cor- 250

rect samples and high-entropy for incorrect sam- 251

ples. LESS (Chen et al., 2025c) finds that overlap 252

of low-entropy reasoning segments strongly corre- 253

lates with accuracy, then assigns higher weights to 254

low-entropy segments that recur in correct rollouts 255

while downweighting those that recur in incorrect 256

ones, yielding higher accuracy and more stable rea- 257

soning after the RL training. ACPO (Yin et al., 258

2025) approximated the entropy to calculate the 259

mutual information of each token, i.e., how much 260

additional information a current token brings to the 261

LLM, using this as a coefficient for the advantage 262

to help the model focus on helpful and important 263

steps. Additionally, in algorithms like GRPO, re- 264

ward normalization within groups is required, and 265

entropy can serve as a classification standard to 266

guide which samples should be calculated. 267

Beyond direct weighting, entropy also serves as 268

a criterion for advantage grouping. CANON (Chen 269

et al., 2025a) re-groups answers based on entropy 270

to emphasize selecting correct responses with low 271

entropy. QAE (Wu et al., 2025b) proposes a group- 272

ing method based on advantage percentage, which 273

prevents both entropy exploration and explosion, 274

providing lower/upper bounds on one-step entropy 275

changes to curb explosion and avoid collapse. In- 276

spired by curriculum learning, AdaThink-Med (Rui 277

et al., 2025) uses entropy as an indicator of problem 278

difficulty, offering different advantage calculations 279

for samples with varying learning efficiency levels. 280
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2.3 Clip Mechanism – clip(·)281

The clipping mechanism constrains update magni-282

tude based on ri,t(θ), creating an approximate trust283

region that prevents destabilizing large updates on284

individual tokens. The lower and upper bounds re-285

spectively restrict updates that decrease or increase286

token probabilities, selectively damping gradients287

and influencing policy entropy. Building on this288

idea, existing methods can be broadly categorized289

by control granularity and objectives into two types:290

(1) Range-level clip modulation: directly adjust-291

ing the global clipping interval to globally relax292

or tighten the update range. (2) Token-level clip293

modulation: performing fine-grained control at the294

token level, assigning different effective clipping295

behaviors to different types of tokens, or restor-296

ing/recalibrating the gradients of tokens.297

2.3.1 Range-level Clip Modulation298

DAPO (Yu et al., 2025) first discovered that, in299

practice, the positive samples with low old proba-300

bilities often lead to new branches and reflections.301

Because πold is low, these models are prone to302

hitting the upper bound and being pruned, poten-303

tially limiting the model’s ability to learn and ex-304

plore, causing entropy to collapse rapidly. There-305

fore, DAPO directly raised the clip upper bound306

by a constant. DLER’s experiments (Liu et al.,307

2025e) also revealed that the tokens pruned by the308

upper bound are usually high-entropy tokens worth309

learning, so it similarly adopted a higher clip upper310

bound. EAG-RL (Fang et al., 2025) did not use311

a constant to change the clip range, but adjusted312

it based on the entropy of each trajectory, giving313

high-entropy trajectories a higher clip upper bound.314

Park et al. (Park et al., 2025) is even more radi-315

cal, directly removing the upper bound constraint316

and raising the lower bound to make error correc-317

tion less aggressive. While BAPO (Xi et al., 2025)318

takes into account that off-policy training itself319

affects clipping: as training progresses, it dynami-320

cally raises the upper bound and lowers the lower321

bound of the clip range, reducing the occurrence322

of clipping so that the model can keep updating323

effectively under off-policy conditions.324

2.3.2 Token-level Clip Modulation325

Since clipping controls probability changes, some326

works redesign clipping rules to preserve entropy327

from a probability perspective. Archer (Wang et al.,328

2025d) distinguishes high-entropy (reasoning) to-329

kens from low-entropy (knowledge) tokens, apply-330

ing wider clipping bounds to the former and tighter 331

bounds to the latter. DCPO (Yang et al., 2025b) 332

dynamically adjusts clipping based on each token’s 333

prior probability: tokens with low old probability 334

receive wider upper bounds, while high-probability 335

tokens receive narrower bounds. 336

Some methods are designed to modify the core 337

of clip ri,t(θ). The ratio ri,t(θ) is flipped (i.e., uses 338

1/ri,t(θ)) by ASPO (Wang et al., 2025c) for to- 339

kens with positive advantage, thereby boosting the 340

weight of low-probability tokens while reducing 341

the weight of high-probability tokens, and pairs 342

this with a reversed clipping mechanism to favor 343

tokens that are correct but currently low probability. 344

ESPO (Sheng et al., 2025) also reshapes ri,t(θ). It 345

recomputes the ratios over different subsequences 346

within the same sample, so that the global impor- 347

tance ratio can be redistributed more precisely to 348

the high-/low-entropy portions of the sequence and 349

also assigns a wider clipping range to the high- 350

entropy segments to encourage exploration. In 351

ERC (Su et al., 2025b), beyond the standard impor- 352

tance ratio ri,t(θ), the authors introduce an addi- 353

tional entropy ratio that acts as a soft clipping con- 354

straint, preventing excessive shifts in policy entropy 355

and thereby stabilizing training. Clip-Cov (Cui 356

et al., 2025) uses covariance to identify situations 357

where high-probability tokens also have high ad- 358

vantages, and then directly clips the gradients of a 359

very small subset of these high-covariance tokens. 360

Another approach type argues that failing to 361

learn from clipped tokens can allow the model 362

to gradually accumulate biases, thereby acceler- 363

ating entropy reduction. Both CE-GPPO (Su et al., 364

2025a) and AEPO-Dong (Dong et al., 2025a) re- 365

activate gradients for clipped tokens. The key dif- 366

ference is that CE-GPPO assigns a reduced learn- 367

ing weight to tokens clipped on either side of the 368

interval, whereas AEPO-Dong only restores to- 369

kens whose ratios exceed the upper clipping bound. 370

M2PO (Zheng et al., 2025a) pulls back tokens that 371

would be truncated by clip-high by cutting off only 372

the most extreme high-entropy outliers. It keeps 373

the second moment of importance weights under 374

control while preserving most of the high-entropy 375

tokens even in off-policy settings. 376

2.4 KL Penalty – βDKL(πθ∥πref) 377

Kullback–Leibler Divergence (KL) is typically for- 378

mulated as a penalty against a reference policy πref 379

controlled by β. In short, it’s a model exploration 380

limiter based on the reference model, restricting 381
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distribution drift and indirectly regulating/guiding382

the evolution of policy entropy, preventing exces-383

sive entropy collapse. Recent work around this384

‘knob’ largely involves adjusting the KL coefficient385

β = 0 through entropy.386

Many studies have removed the KL term, i.e.,387

setting β to 0, primarily motivated by the be-388

lief that KL regularization itself limits the diver-389

gence of exploration, leading to a rapid collapse390

of entropy, especially when extending the length391

of the reasoning chain or the number of inter-392

action rounds. There are numerous such stud-393

ies, so we will only introduce some representa-394

tive works. From the perspective of traditional RL395

tasks, early methods proposing the removal of KL396

include Open-Reasoner-Zero (Hu et al., 2025) and397

DAPO (Yu et al., 2025); in multi-round agentic398

tasks, AceReason-Nemetron (Chen et al., 2025d)399

and MT-GRPO (Zeng et al., 2025b) were among400

the first to apply this idea. KL-Cov (Cui et al.,401

2025) set β = 0 for certain tokens, it identifies402

high-covariance tokens and applies KL penalties403

only to these tokens, primarily suppressing those404

that are already correct and have higher probabili-405

ties, preventing them from being further amplified,406

thereby slowing down the collapse of entropy.407

There are also methods that adjust β at the token-408

level without setting it to zero. Archer (Wang et al.,409

2025d) and Cao et al. (Cao et al., 2025a) reduce410

the KL regularization strength on high-entropy to-411

kens to promote exploration, while increasing the412

KL strength on low-entropy tokens to stabilize the413

model’s core capabilities. APO (Hong et al., 2025)414

retains KL regularization and introduces the factor415

of sample difficulty in KL control: it weakens the416

KL constraint for difficult problems to encourage417

exploration, and strengthens the KL constraint for418

easier problems to maintain stability and knowl-419

edge retention. ProRL (Liu et al., 2025d) periodi-420

cally replaces the reference policy with the latest421

snapshot of the online model, effectively recalibrat-422

ing the KL constraint to maintain exploration and423

stabilize entropy over the course of long-term RL.424

2.5 Optimization Objective – JPPO/GRPO(θ)425

The optimization objective fundamentally deter-426

mines the update direction of RL. In LRMs, it427

governs how the output-token distribution evolves,428

steering the model toward behaviors aligned with429

the specified objective. Recent work revisits the430

PPO/GRPO objective through entropy-aware de-431

signs, which can be broadly grouped into two fami-432

lies: (1) Entropy-Based Optimization Objective, 433

which allows the model to directly learn an addi- 434

tional entropy-based objective besides the original 435

optimization objective. (2) Entropy-Guided Loss 436

Reweighting, which recalculates or reweights the 437

optimization objective to control the update direc- 438

tions applied to different tokens. 439

2.5.1 Entropy-Based Optimization Objective 440

A straightforward way to extend the PPO/GRPO 441

objective is to add a global entropy regularizer 442

that increases response diversity. EVOL-RL (Zhou 443

et al., 2025) adopts this idea by adding a negative 444

policy-entropy term, helping maintain mutation 445

rates under label-free, majority-vote reward set- 446

tings and preventing entropy collapse. Subsequent 447

studies refined this strategy by assigning heteroge- 448

neous entropy weights across training stages, sam- 449

ples, or tokens. For instance, AER (Zhang et al., 450

2025d) introduces an entropy-coefficient loss at the 451

sample level, allocating larger entropy weights to 452

hard samples to encourage exploration while re- 453

ducing entropy pressure on easy samples that the 454

model already solves reliably. 455

Instead, AEnt (Shen, 2025) sets entropy coeffi- 456

cients at the token level: it computes a truncated 457

entropy over a high-probability token set to avoid 458

distortions from enforcing uniformity over the long 459

tail. Its adaptive coefficient keeps this truncated 460

entropy within a prescribed range, thus maintain- 461

ing diversity only within a plausible candidate set. 462

AEPO-He (He et al., 2025a) applies the principle 463

of adaptively controlling policy entropy across rea- 464

soning stages to two-stage reasoning in domain- 465

specific settings, enforcing higher entropy during 466

the Reflection phase to mitigate repetitive, mechan- 467

ical patterns. EPO (Xu et al., 2025c) takes a round- 468

level perspective in the agentic RL, addressing late- 469

stage policy collapse by anchoring each round’s 470

entropy to a historical running average, preventing 471

excessive fluctuations across rounds. 472

Some depart more radically from PPO/GRPO 473

by rewriting the optimization objective directly in 474

terms of entropy. One-shot Entropy Minimiza- 475

tion (Gao et al., 2025) discards the PPO/GRPO 476

paradigm entirely and improves reasoning by mini- 477

mizing the model’s conditional entropy on a small 478

set of samples. FlowRL (Zhu et al., 2025) abandons 479

GRPO’s reward-maximization objective and de- 480

vises a GFlowNet-style MSE objective to match the 481

reward-induced distribution, encouraging high re- 482

ward and high policy entropy at the gradient level. 483

6



2.5.2 Entropy-Guided Loss Reweighting484

One line of work introduces entropy-based mask-485

ing to restrict policy-gradient computation to to-486

kens deemed most critical. Wang et al. (Wang et al.,487

2025f) perform a binary split based on local token488

entropy and retain only high-entropy forking tokens489

for GRPO updates. DART-GUI (Li et al., 2025a)490

extends this idea from tokens to multi-round steps491

by aggregating token entropy into step-level en-492

tropy and optimizing decisions only at high-entropy493

steps. D3S (Wang et al., 2025a) scores each token494

by the product of its advantage and entropy, select-495

ing the top-K tokens across samples for gradient496

computation. UloRL (Du et al., 2025) incorporates497

global entropy trends: in correctly solved samples,498

it identifies high-confidence tokens and activates499

a masking mechanism for them when the policy’s500

average entropy falls below a preset threshold.501

Other approaches do not discard tokens but in-502

stead apply soft reweighting to control the entropy503

trajectory while preserving most standard learn-504

ing signals. From an advantage-driven diagnostic505

viewpoint, Prog-Adv-Reweight (Jin et al., 2025)506

argues that positive-advantage updates tend to con-507

centrate probabilities and rapidly reduce entropy,508

whereas negative-advantage updates partially coun-509

teract this effect. It therefore temporarily down-510

weights positive-advantage tokens before gradually511

restoring their influence. SimKO (Peng et al., 2025)512

refines this idea by first selecting high-entropy to-513

kens and then applying top-K smoothing to dis-514

tribute positive-advantage signals across a cluster515

of candidate tokens. For incorrect samples, it fur-516

ther penalizes the most confident wrong token, pro-517

ducing an asymmetric mechanism that both avoids518

excessive entropy decay and prevents the consoli-519

dation of erroneous modes at key decision points.520

From a coupled entropy–probability statistics view-521

point, Clip-Cov (Cui et al., 2025) measures each522

token’s marginal contribution to entropy change523

via the covariance between its action probability524

and the change in logits, and selectively halts gra-525

dient backpropagation for a small subset of tokens526

with high covariance to regulate the rate of entropy527

decay. STEER (Hao et al., 2025) further explores528

predicting how much entropy increase or decrease529

each token update will induce and assigns contin-530

uous soft weights accordingly, such that updates531

expected to cause drastic entropy shifts are strongly532

downweighted, while milder updates are largely533

preserved. This fine-grained control smooths the534

evolution of policy entropy across training. En- 535

troPIC (Yang et al., 2025a) formulates entropy 536

stabilization as a proportional–integral feedback 537

control problem, dynamically adjusting loss coeffi- 538

cients for positive- and negative-advantage terms. 539

By reweighting high-probability tokens, it stabi- 540

lizes entropy in long-horizon RL training without 541

modifying the PPO/GRPO objective. 542

3 Entropy Mechanisms in LRM Inference 543

An increasing number of studies (Nikitin et al., 544

2024; Agrawal et al., 2024; Jiang et al., 2025) have 545

identified pronounced overthinking phenomena in 546

the generation process of LLMs from different per- 547

spectives. Recently, some work introduces entropy 548

into the inference mechanism to both evaluate (Xu 549

and Lu, 2025; Liu et al., 2025f; Nikitin et al., 2024) 550

and regulate (Sharma and Chopra, 2025b; Li et al., 551

2025c) inference behavior. These explorations col- 552

lectively reveal a clear trend: Entropy is evolv- 553

ing from a passive representation of uncertainty 554

into an active control signal for inference. 555

Compared with general LLMs, LRMs exhibit 556

stronger dependencies along their reasoning chains 557

and denser branching in path selection, which am- 558

plifies performance overhead and error accumula- 559

tion when inference is not properly controlled. Ac- 560

cordingly, this section focuses on LRM inference 561

scenarios, systematically reviews the key role of en- 562

tropy during inference, and organizes existing work 563

into two core directions: (i) Entropy-guided in- 564

ference treats entropy as a signal of inference con- 565

trollability. By monitoring the dynamic evolution 566

of entropy, it adjusts the inference process itself, 567

including determining when to continue, when to 568

pause, and when to trigger error correction, thereby 569

reducing redundant computation and improving in- 570

ference efficiency. (ii) Self-consistency enhance- 571

ment uses entropy as an important criterion for 572

evaluating inference quality to select higher-quality 573

inference results, thereby improving the reliability 574

and consistency of the final answer. 575

3.1 Entropy-Guided Inference 576

Entropy-guided inference establishes an entropy- 577

centric framework that monitors entropy changes 578

in real time to determine how inference should pro- 579

ceed, for example, whether and when to branch 580

during inference is a key factor for inference per- 581

formance. DTS (Xu et al., 2025e) models the token 582

generation process as a tree and uses the entropy 583
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of the next token to determine when to expand584

branches. EAGER (Scalena et al., 2025) monitors585

the top-K entropy of each step to decide whether586

branching should be triggered, thereby enabling587

adaptive control over the exploration scope. Mean-588

while, researches have begun to explicitly adopt589

entropy as a criterion for early stopping or regener-590

ation. EAT (Wang et al., 2025g) monitors entropy591

changes during token-by-token inference to deter-592

mine when to stop. SEAT (Xu et al., 2025d) defines593

semantic entropy based on the entropy of semantic594

clustering distributions across parallel responses,595

and uses it to decide whether another inference596

round is necessary. EGL (Correa and de Matos,597

2025) computes entropy after the draft pass and598

generates an uncertainty report to guide adaptive599

refinement for regeneration when entropy exceeds600

a threshold, which advances entropy from merely a601

decision criterion to an inference correction signal.602

3.2 Self-Consistency Enhancement603

Self-consistency enhancement leverages entropy604

to assess the credibility of candidate answers or605

reasoning paths, obtaining more reliable outputs606

through entropy-aware filtering or weighting. This607

approach effectively improves LRM output qual-608

ity, yielding more robust and consistent answers609

across inference runs. DualResearch (Shi et al.,610

2025) treats two graphs constructed during infer-611

ence as posterior answer distributions and uses their612

Shannon entropy as weighting factors for answer613

aggregation. Extending self-consistency enhance-614

ment to the full inference chain level, IEW (Sharma615

and Chopra, 2025a) aggregates multiple inference616

paths based on an inverse-entropy weighting princi-617

ple, assigning higher weights to more stable, lower-618

entropy paths. STaR (Zhang et al., 2025a) quanti-619

fies uncertainty along the inference chain based on620

token-level entropy, enabling the selection of the621

most reliable inference path.622

4 Challenge and Future Directions623

This survey reviews entropy-related methods for624

RL training and TTS inference in the LRM era,625

discussing current limitations and future directions.626

Notably, all surveyed methods emerged within one627

year after GRPO, reflecting the rapid advancement628

of LLMs into the reasoning era. As entropy re-629

mains a fundamental challenge, it will continue630

to drive the research of LRMs. Additionally, Ap-631

pendix A.1 provides a comprehensive overview632

of method settings and performance, while Ap- 633

pendix A.2 briefly covers entropy-related issues in 634

earlier pretraining and SFT methods. 635

Challenge: Entropy to Performance. It is impor- 636

tant to emphasize that entropy control is a means, 637

not an end. The goal is to preserve diversity while 638

improving the accuracy of exploration. Although 639

many methods show empirical gains by adjusting 640

entropy, results vary across settings, indicating that 641

the relationship is not a simple trade-off. A central 642

challenge is to deepen our understanding of this 643

link and make entropy-driven improvements more 644

consistently transfer to performance. 645

Challenge: Intrinsic Relations Between Parame- 646

ters. Most existing methods focus on adjusting one 647

algorithmic parameter or a small set of parameters, 648

but lack coordination across approaches. There 649

is still a shortage of methods that adopt a global, 650

fine-grained perspective for tuning LRM training 651

and inference. Developing such frameworks would 652

enable a more systematic analysis of how entropy 653

influences learning dynamics and performance. 654

Future: Entropy in Agentic Models. The deep in- 655

tegration of agentic multi-turn tool calls and reason- 656

ing capabilities has greatly enhanced the model’s 657

ability to tackle complex problems. This approach 658

is seen as a crucial breakthrough in moving be- 659

yond single-turn problem-solving. In the context of 660

agentic tasks, new entropy-related issues arise, par- 661

ticularly in multi-turn tool calls, reasoning, and en- 662

vironmental interaction. Research on dynamically 663

monitoring and controlling policy entropy in such 664

tasks is crucial to avoid instability in training or 665

inference caused by continuous high-entropy deci- 666

sions or excessive branching. Solving these issues 667

will enable agentic RL to not only "effectively ex- 668

plore" but also "robustly exploit and consolidate". 669

Future: Entropy in Parallel Thinking. Parallel 670

thinking refers to having the model generate multi- 671

ple reasoning paths in parallel and then aggregate 672

or synthesize them into a final answer. This offers 673

a simple and efficient way to convert pass@k po- 674

tential into pass@1 performance. However, it may 675

also amplify current LLM weaknesses in reasoning 676

robustness and stability. By leveraging entropy to 677

monitor the credibility and diversity of these paral- 678

lel paths, we can filter for high-quality candidates 679

and provide more reliable signals for path fusion. 680

This could help reduce risks such as hallucinations, 681

logical conflicts, and inconsistencies, thereby fur- 682

ther improving overall performance. 683
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Limitations684

This survey is limited to the LRM era and primarily685

focuses on entropy-related methods in RL train-686

ing and inference. Entropy issues in earlier stages687

of the broader LLM pipeline, such as pretraining688

and SFT, are only briefly covered in the appendix.689

Our taxonomy and narrative synthesis necessarily690

involve subjective choices, which are significant691

but largely unavoidable in a fast-evolving research692

landscape. In addition, due to heterogeneous exper-693

imental settings across studies (e.g., base models,694

training data, and hyperparameters), we avoid di-695

rect head-to-head comparisons. As a result, some696

of our observations should be interpreted as de-697

scriptive trends rather than definitive conclusions.698

Finally, given the rapid progress of this field, the699

coverage and conclusions of this survey may need700

to be updated as new results emerge, while we try701

to continue updating new papers on our repository.702
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A Appendix1334

A.1 Settings & Results Of Entropy-related1335

Methods1336

We observe that existing methods are rarely com-1337

pared head-to-head in a systematic manner, and the1338

community’s widely accepted and commonly used1339

baselines are typically GRPO or DAPO. Mean-1340

while, differences in base models, training data, and1341

hyperparameter choices can substantially affect RL1342

training outcomes. With many contemporaneous1343

studies emerging in parallel, these factors further1344

complicate fair evaluations of the effectiveness of1345

different approaches. To mitigate this confounding1346

issue, this survey organizes methods by base model1347

and annotates the detailed training setups reported1348

for most works in Tab. 1, Tab. 2. Our goal is to1349

provide researchers with a comprehensive visual1350

overview rather than an authoritative comparison1351

or ranking of methods. All configuration details1352

are sourced from the original papers and linked1353

repositories. Meanwhile, this paper compiles and1354

summarizes the acquisition addresses of main-1355

stream base models employed in the experiments,1356

covering models such as DeepSeek-R1-Distill-1357

Qwen https://huggingface.co/deepseek-ai,1358

LLaMA https://huggingface.co/meta-LLaMA1359

and Qwen https://huggingface.co/Qwen.1360

To facilitate a clear evaluation of the improve-1361

ments in model reasoning capabilities achieved1362

by different methods, the following clarifications1363

are provided. Methods that were not evaluated1364

on mathematical benchmarks are excluded from1365

our analysis, such as EMPG (Wang et al., 2025e),1366

EPO (Xu et al., 2025c), and EPPO (Miao et al.,1367

2025). Furthermore, given the discrepancies in the1368

benchmarks adopted by different methods, we only1369

select the metrics from mathematical benchmarks,1370

namely AIME24, AIME25, MATH500, Olympiad,1371

Minerva, MATH, and AMC23, for statistical anal-1372

ysis, in accordance with the frequency of bench-1373

mark utilization. Benchmarks with low evalua-1374

tion frequency (e.g., AMC, GSM8K, AMC24) as1375

well as non-mathematical benchmarks (e.g., Live-1376

CodeBench, CoQA, WebWalker) are eliminated1377

from the statistics. Correspondingly, to ensure that1378

all methods are included in the statistical scope, a1379

small number of base models (e.g., BP-Math-32B,1380

GLM-9B) are also excluded. Regarding the chal-1381

lenge of standardizing evaluation metrics across1382

models, two types of tables are constructed in this1383

study: Tab. 1 only includes methods evaluated by1384

the pass@1 and accuracy (acc) metrics; Tab. 2 cov- 1385

ers all types of evaluation metrics, with specific 1386

metric names labeled prior to the corresponding 1387

values. For the statistics of experimental parame- 1388

ters, this study focuses on the parameter configura- 1389

tions in the training phase. For methods involving 1390

multi-stage training, parameter variations across 1391

stages are denoted in the format of "8k/16k". The 1392

training datasets are restricted to mathematical do- 1393

mains. Additionally, "MATH (3–5)" denotes the 1394

subset of the MATH dataset with difficulty levels 1395

ranging from 3 to 5. 1396

Specifically, we systematically extract and docu- 1397

ment the following key training hyperparameters 1398

from each paper. We record the "Global Size" (to- 1399

tal batch size across all devices for one parameter 1400

update) and "Mini Batch" (per-device batch size), 1401

which determine the gradient computation granu- 1402

larity and memory requirements during training. 1403

The "Learn. Rate" (learning rate) controls the step 1404

size of parameter updates and is critical for training 1405

stability and convergence speed. "Data Col." (data 1406

columns) refers to the number of data fields used 1407

in training. "Train. Steps" indicates the total num- 1408

ber of parameter update iterations, representing the 1409

complete training trajectory from initialization to 1410

convergence. "Rollout Num." specifies the num- 1411

ber of candidate response sequences generated per 1412

prompt during policy optimization, which directly 1413

impacts sample efficiency and exploration diversity. 1414

"Samp. Temp." (sampling temperature) modulates 1415

the randomness of generated outputs, with higher 1416

values increasing diversity. "Max Len." (maximum 1417

response length) defines the upper bound of gener- 1418

ated sequence lengths. 1419

A.2 Entropy in the Broader LLM Training 1420

and Inference Pipeline 1421

Although our survey focuses on entropy mecha- 1422

nisms specifically for LRMs, entropy-driven tech- 1423

niques have also been explored throughout the 1424

broader LLM pipeline, including pretraining, su- 1425

pervised finetuning, and decoding. To maintain 1426

conceptual completeness while preserving narra- 1427

tive focus in the main text, we provide in this ap- 1428

pendix a concise overview of such methods. These 1429

works are not explicitly designed for LRMs, yet 1430

they are conceptually aligned with the entropy- 1431

centric framework developed in this survey. As 1432

shown in Fig. 5, we categorize the related methods 1433

into three groups along the LLM pipeline: pretrain- 1434

ing, supervised fine-tuning (SFT), and decoding, 1435
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Figure 5: An entropy-centric overview of LMMs.

and we list representative works for each stage.1436

A.2.1 Entropy in Pretraining1437

During the pretraining stage, entropy mechanisms1438

are leveraged to regulate knowledge organization1439

and expert utilization within large models. LIMoE1440

(Mustafa et al., 2022) imposes dual entropy con-1441

straints on the routing distribution: the minimum-1442

entropy loss encourages each token to confidently1443

select a single expert, improving determinism1444

and computational efficiency, while the maximum-1445

entropy loss promotes broader expert activation1446

at the sample level, preserving representation di-1447

versity. Researchers also introduce the concept of1448

knowledge entropy (Kim et al., 2024), demonstrat-1449

ing that knowledge entropy gradually decreases as1450

pretraining progresses, making it increasingly diffi-1451

cult for the model to acquire new knowledge and1452

exacerbating catastrophic forgetting.1453

A.2.2 Entropy in Supervised Fine-Tuning1454

During the SFT stage, entropy mechanisms play1455

an important role in the training process in mul-1456

tiple ways. Entropy is widely used to improve1457

reasoning ability after SFT. GEM (Li et al., 2025e)1458

introduces maximum-entropy regularization dur-1459

ing fine-tuning, encouraging the model to maintain1460

higher entropy and avoiding concentrating high1461

probability on a single token, thereby improving1462

reasoning performance. WeFT (Xu et al., 2025b) in-1463

creases the training weight of high-entropy regions1464

in diffusion models, so that more model capacity is1465

allocated to reasoning-critical steps. EM-FT (Agar-1466

wal et al., 2025) minimizes token-level distribu-1467

tion entropy during fine-tuning, making the model1468

more inclined to select more reliable steps when1469

generating chains of reasoning. POEM (Cao et al.,1470

2025b) encourages viewpoint diversity in generated1471

semantic representations via entropy maximiza-1472

tion. Another work proposes a new fine-tuning 1473

loss (Stahlberg and Kumar, 2025) that improves 1474

fine-tuning by reducing the outgoing connection 1475

entropy of FFN layers. In addition, sparse Tsal- 1476

lis entropy regularization (Choi et al., 2024) fil- 1477

ters low-probability tokens, enabling fine-tuning to 1478

learn more interpretable hard prompts. 1479

Entropy plays an important role in reducing 1480

hallucinations after SFT. The study (Yuan et al., 1481

2024a) incorporates a maximum-entropy mecha- 1482

nism into SFT, increasing predictive entropy on 1483

the forget set and thereby reducing hallucinations. 1484

Another study (Tjandra et al., 2024) uses semantic 1485

entropy as an unlabeled, data-driven signal to fine- 1486

tune large language models, so that they proactively 1487

refuse when uncertain and reduce hallucination risk. 1488

Label smoothing (Huang et al., 2025c) is also intro- 1489

duced into LLM fine-tuning and is explained by its 1490

equivalent KL regularization toward the uniform 1491

distribution, thereby reducing hallucinations. 1492

Entropy also stabilizes the SFT training process 1493

and prevents collapse. TrinityX (Kashyap et al., 1494

2025) adds an entropy regularizer in router training, 1495

encouraging more diverse expert selection while 1496

avoiding excessive collapse to a small number of 1497

experts. ReLIFT (Ma et al., 2025) incorporates 1498

an entropy regularization term into the online SFT 1499

objective to stabilize training and mitigate distri- 1500

bution collapse. Another work uses entropy as an 1501

objective by maximizing next-token distribution en- 1502

tropy on the forgetting set, mitigating privacy risks 1503

without significantly harming general capabilities 1504

(Zhang et al., 2025g). 1505

Entropy is also used for SFT data processing. 1506

A study uses the model’s single-token answer en- 1507

tropy to measure question difficulty, partitions data 1508

into different difficulty levels, and applies different 1509

training strategies for different levels (Goncharov 1510
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et al., 2025). Other works use entropy for sam-1511

ple filtering and data replay during fine-tuning to1512

improve training efficiency or preserve key capa-1513

bilities (He et al., 2025b; Mok et al., 2023).1514

Overall, entropy is not only a metric for char-1515

acterizing LLMs’ uncertainty, but also an efficient1516

signal that directly guides SFT optimization, af-1517

fecting key components such as training objective1518

design, weight allocation, and sample selection;1519

therefore, it plays an important role in SFT.1520

A.2.3 Entropy in Decoding1521

In the decoding of LLMs, entropy serves as a key1522

control signal for decoding, effectively improving1523

the stability and consistency of generation. The1524

study (Stolfo et al., 2024) finds that neurons in-1525

side the model influence generative behavior by1526

regulating their distribution entropy. Therefore,1527

the study (Zhu et al., 2024) continuously monitors1528

changes in entropy before and after token genera-1529

tion to promptly correct the generation direction1530

when unstable fluctuations occur. Meanwhile, en-1531

tropy is also injected as a penalty term into proba-1532

bility adjustment (Chen et al., 2024a), making the1533

model more inclined to select low-entropy, high-1534

confidence tokens. Furthermore, END (Wu et al.,1535

2025a) incorporates cross-layer entropy to enable1536

more consistent risk estimation across different fea-1537

ture levels. REAL (Chang et al., 2024) computes1538

residual entropy that helps the model adaptively1539

shrink or expand the sampling space during decod-1540

ing. In long-text scenarios, SNNE (Nguyen et al.,1541

2025) introduces continuous semantic similarity to1542

unify and extend the semantic entropy framework,1543

improving hallucination detection.1544

Entropy is further employed as a mechanism1545

for scheduling and regulating the inference pro-1546

cess. COIECD (Yuan et al., 2024b) determines1547

whether a knowledge conflict has occurred by as-1548

sessing the information-entropy constraint of the1549

token, triggering a more cautious sampling strat-1550

egy. CascadeVLM (Wei, 2024) uses entropy to1551

measure the uncertainty of the sample and routes1552

different samples accordingly. CNTP (Wang et al.,1553

2025h) relies on the predictive entropy of the cur-1554

rent token to determine whether multiple sampling1555

should be performed, improving inference quality1556

and reliability. At the attention level, entropy can1557

also serve as a trigger signal. ONLY (Wan et al.,1558

2025b) calculates the Text-to-Visual Entropy Ratio1559

for each layer to identify target layers for attention1560

intervention. EnSToM (Suh et al., 2025) utilizes1561

the internal entropy of the LLM as an uncertainty 1562

signal to dynamically control activation steering, 1563

thereby improving the service capabilities of the 1564

dialogue system. 1565

Furthermore, in long dialogues or multimodal 1566

tasks, entropy begins to guide the dynamic manage- 1567

ment of context and resources. SirLLM (Yao et al., 1568

2024) leverages token entropy and memory decay 1569

mechanisms to dynamically filter and retain the 1570

most important KV cache, enhancing the model’s 1571

ability to handle long dialogues. MEDA (Wan et al., 1572

2025a) uses cross-modal attention entropy to de- 1573

termine the size of the KV cache for each layer, 1574

thereby achieving efficient multimodal inference. 1575
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Table 1: Performance of Different Entropy-Based Methods on Mathematical Benchmarks Evaluated by Pass@1 and
Accuracy

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

DeepSeek-R1-Distill-Qwen Models

DeepSeek-R1-
Distill-Qwen-1.5B

PEAR (Huang et al., 2025a) 23.33 – 77.20 – – – 70.00 ✓ GSM8K 128 - 1E-6 7473 - 8 0.6 16K

DA-DLER-R1-1.5B (Liu et al., 2025e) 34.37 – – 48.70 44.89 86.70 – ✓ DeepScaleR-Preview 512 64 1E-6 40K 600 16 1.0 4000

DLER-R1-1.5B (Liu et al., 2025e) 34.38 – – 48.31 43.59 86.95 – ✓ DeepScaleR-Preview 512 64 1E-6 40K 450 16 1.0 4000

ProRL (Liu et al., 2025d) 48.13 33.33 – 60.22 47.98 91.89 – ✓ DeepScaleR 256 64 2E-6 40k - 16 1.2 8k

ADR (Zhang et al., 2025f) 36.5 23.3 81.0 – – – – ✗
OpenMathReasoning,
DeepScaleR-Preview

- - - - - - - 8k/16k

DeepSeek-R1-
Distill-Qwen-7B

TreeRL (Hou et al., 2025) 60.8 – 94.4 57.1 – – – ✓
MATH-train,
NuminaMath

480 - 1.5E-6 - - 30 1.2 8K

DA-DLER-R1-7B (Liu et al., 2025e) 53.9 – – 61.16 53.60 94.17 – ✓ DeepScaleR-Preview 512 64 1.0E-6 40K 600 16 1.0 4000

DA-DLER-R1-7B (Liu et al., 2025e) 55.62 – – 60.48 53.88 94.21 – ✓ DeepScaleR-Preview 512 64 1.0E-6 40K 450 16 1.0 4000

LLaMA Models

LLaMA-3.1-8B
TTRL (Liu et al., 2025a) 10 - 63.7 - - - - ✗ - - - - - - - 0.6 3K

ETMR (Liu et al., 2025a) 16.9 - 59.5 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 32 0.6 3K

LLaMA-3.1-8B-Instruct

AEPO-Dong (Dong et al., 2025a) 26.7 16.7 65.8 - - 80.6 - ✓ - 128 16 - - - 16 0.6 20K

ARPO (Dong et al., 2025b) 23.3 16.7 64.6 - - 80.2 - ✓
Tool-Star,
STILL

128 16 - - - - - 4K

EM_INF (Agarwal et al., 2025) 3.3 - 43.0 16.4 22.8 - - ✓ - - - - - - - 0.1 -

GRPO + D³S (Wang et al., 2025a) 5.3 0.1 - 3.3 22.5 35.9 20.3 ✗ DeepScaleR - - 5E-7 - - 32 0.6 -

LLaMA-3.2-3B-Instruct SimKO (Peng et al., 2025) 13.8 1.0 54.6 21.0 18.5 - 35.2 ✓ GSM8K, MATH 1K 256 1E-6 - - 8 1.0 -

Qwen-2.5 Models

Qwen-2.5-3B
TTRL (Liu et al., 2025a) 7.9 - 72.2 - - - 40.7 ✗

AIME24,
AMC,
MATH-500

- - - - - - 0.6 3K

ETMR (Liu et al., 2025a) 9.2 - 71.7 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - - - -

Qwen-2.5-7B
SimKO (Peng et al., 2025) 16.3 9.4 76.7 38.7 35.2 - - ✓ MATH 1K 256 1E-6 - - 8 1.0 -

FR3E (Zheng et al., 2025b) 25.2 - 79.0 42.1 39.0 - - ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-6 - - 16 - 16k

Qwen-2.5-7B-Instruct

AEPO-Dong (Dong et al., 2025a) 33.3 33.0 80.4 - - 90.0 - ✓ - 128 16 - 1K - 16 0.6 20K

ARPO (Dong et al., 2025b) 30 30.0 78.8 - - 88.8 - ✓
Tool-Star,
STILL

128 - - - - - - 4K

EM_INF (Agarwal et al., 2025) 11.1 - 73.8 38.2 41.2 - 45.8 ✓ - - - - - - - 0.1 -

Qwen-2.5-14B
TreeRL (Hou et al., 2025) 20.8 - 81.7 44.6 - - 55.9 ✓

MATH-train,
NuminaMath

480 - 1.5E-6 - - 30 1.2 8K

DCPO (Yang et al., 2025b) 20 85.0 84.6 - - - - ✓
MATH-DAPO-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

Qwen-2.5-32B FR3E (Zheng et al., 2025b) 40.2 - 87.4 51.7 45.6 - - ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-6 - - 16 - 16k

Qwen-2.5-Math Models

Qwen-2.5-Math-
1.5B

GRPO + D³S (Wang et al., 2025a) 11.2 6.9 - 10.6 23.5 53.7 48.6 ✗ DeepScaleR - - 5E-7 - - 32 1.0 -

GSPO + D³S (Wang et al., 2025a) 11.4 8.2 - 10.5 22.9 54.0 48.4 ✗ DeepScaleR - - 5E-7 - - 32 1.0 -

TTRL (Liu et al., 2025a) 15.8 - 73.0 - – – – ✗

AIME24,
AMC,
MATH-500

- - - - - - 0.6 3K

EDGE-GRPO (Zhang et al., 2025e) 10 - 73.20 37.33 29.04 – – ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-6 2k 1000 - - 1K

EMPO (Zhang et al., 2025b) 13.3 - - 36.6 32.4 73.0 55.0 ✓ - – – – – – – – –

UCAS (Xie et al., 2025) 23.3 - 80.6 42.1 31.6 – – ✓ MATH (3-5) 512 - 1E-6 - - 16 1.0 3K

AEnt (Shen, 2025) 21.7 - 75.0 37.7 33.0 – – ✓ MATH 512 - 2E-6 7.5K - 16 - 3K

Qwen-2.5-Math-7B

FR3E (Zheng et al., 2025b) 39.1 - 82.2 46.5 40.8 – 67.5 ✗
DeepScaler,
SimpleRL (3-5)

512 128 1E-6 - - 16 - 16k

DCPO (Yang et al., 2025b) 46.7 82.6 82.5 - – – 16.7 ✗
MATH-DAPO-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

Entropy Adv (Cheng et al., 2025) 33.7 17.6 83.1 - - - pass@1: 69.8 ✗ DAPO-Math-17K 512 32 1E-06 - - 16 1.0 8K

GRPO + D3S (Wang et al., 2025a) 20.3 7.9 - 10.7 25.0 52.2 54.4 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

GSPO + D3S (Wang et al., 2025a) 18.3 8.3 - 11.5 28.4 54.9 53.2 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

AEPO-Wang (Wang et al., 2025b) 50.0 - - 42.4 37.5 82.0 – ✓ DAPO-17K 128 - 10-6 - - - - 2K

SimKO (Peng et al., 2025) 32.8 12.9 77.6 39.8 35.0 – 62.4 ✓ MATH 1K 256 10-6 - - 8 1.0 -

EDGE-GRPO (Zhang et al., 2025e) 16.67 - 79.00 42.67 36.03 – – ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-6 2k 1000 - - 1K

EMPO (Zhang et al., 2025b) 20.0 - - 37.3 40.4 78.0 65.0 ✓ - - - - - - - - -

UCAS (Xie et al., 2025) 43.3 - 85.6 48.0 37.6 – – ✗ MATH (3-5) 512 - 1E-6 - - 16 1.0 3K

Qwen-2.5-Math-7B-
Instruct

EM_INF (Agarwal et al., 2025) 14.4 - 80.2 40.8 42.3 – – ✗ - - - - - - - 0.1 -

Qwen-3 Models

Qwen-3-4B
PEAR (Huang et al., 2025a) 56.66 – 84.00 – – – 87.50 ✓ GSM8K 128 - 1E-6 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) 25.2 22.1 86.7 – – – 70.2 ✗ open-source DeepscaleR 128 32 1E-6 - - - - 8k

Qwen-3-8B

PEAR (Huang et al., 2025a) 60 – 85.40 – – – 92.50 ✓ GSM8K 128 - 1E-6 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) 31.4 25.1 89.4 – – – 75.6 ✗ open-source DeepscaleR 128 32 1E-6 - - - - 8k

QAE+CLIP-Cov (Wu et al., 2025b) 46.04 37.40 – – – – 90.23 ✓ DAPO-Math-17K 512 32 1E-6 - - 32 0.7 20K

QAE+Clip-Higher (Wu et al., 2025b) 48.23 34.90 – – – – 92.97 ✓ DAPO-Math-17K 512 32 1E-6 - - 32 0.7 20K

QAE+KL-Cov (Wu et al., 2025b) 44.69 33.44 – – – – 87.97 ✓ DAPO-Math-17K 512 32 1E-6 - - 32 0.7 20K
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Table 2: Performance of Various Entropy-Based Methods on Mathematical Benchmarks Across Different Evaluation
Metrics

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

DeepSeek-R1-Distill-Qwen Models

DeepSeek-R1-
Distill-Qwen-1.5B

PEAR (Huang et al., 2025a) acc@1: 23.33 - acc@1: 77.20 - - - acc@1: 70.00 ✓ GSM8K 128 - 1E-06 7,473 - 8 0.6 16K

CE-GPPO (Su et al., 2025a) avg@32: 42.0 avg@32: 33.9 avg@4: 91.0 - - - avg@32: 85.9 ✓ KlearReasoner-MathSub-30K - - 1E-06 30k - 8 - 16k

AEnt (Shen, 2025) avg@4: 39.2 - avg@4: 88.2 avg@4: 59.1 avg@4: 35.9 - - ✓ OpenR1-math 256 - 1E-06 40k - 8 - 7K

ASPO-Math-1.5B (Wang et al., 2025c)
avg@64: 49.0
pass@64: 80.0

avg@64: 35.1
pass@64: 70.0

avg@64: 90.5
pass@64: 94.4

avg@64: 58.8
pass@64: 66.9

avg@64: 35.1
pass@64: 50.4

-
avg@64: 87.2
pass@64: 95.0

✓ - - - - - - - - -

Archer-Math-1.5B (Wang et al., 2025d)
avg@64: 48.7
pass@64: 83.3

avg@64: 33.8
pass@64: 70.0

avg@4: 90.8
pass@4: 94.4

avg@4: 59.3
pass@4: 67.1

avg@8: 35.7
pass@8: 51.1

-
avg@64: 86.0
pass@64: 97.5

✓

DeepScaleR,
SkyworkOR1,
DAPO-Math-17K

64 32 1E-06 51,800 520 16 1.0 32K

DA-DLER-R1-1.5B (Liu et al., 2025e) pass@1: 34.37 - - pass@1: 48.70 pass@1: 44.89 pass@1: 86.70 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 600 16 1.0 4000

DLER-R1-1.5B (Liu et al., 2025e) pass@1: 34.38 - - pass@1: 48.31 pass@1: 43.59 pass@1: 86.95 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 450 16 1.0 4000

ProRL (Liu et al., 2025d) pass@1: 48.13 pass@1: 33.33 - pass@1: 60.22 pass@1: 47.98 pass@1: 91.89 - ✓ DeepScaleR Dataset 256 64 2E-06 40k - 16 1.2 8k

ADR (Zhang et al., 2025f) pass@1: 36.5 pass@1: 23.3 pass@1: 81.0 - - - - ✗
OpenMathReasoning
DeepScaleR-Preview

- - - - - - - 8k/16k

DeepSeek-R1-
Distill-Qwen-7B

TreeRL (Hou et al., 2025) acc@1: 60.8 - acc@1: 94.4 acc@1: 57.1 - - - ✓
MATH-train,
NuminaMath

480 - 1.5E-06 - - 30 1.2 8K

CE-GPPO (Su et al., 2025a) avg@32: 66.0 avg@32: 51.4 avg@4: 95.6 - - - avg@32: 93.8 ✓ KlearReasoner-MathSub-30K - - 1E-06 30k - 8 - 16k

DA-DLER-R1-7B (Liu et al., 2025e) pass@1: 53.90 - - pass@1: 61.16 pass@1: 53.60 pass@1: 94.17 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 600 16 1.0 4000

DLER-R1-7B (Liu et al., 2025e) pass@1: 55.62 - - pass@1: 60.48 pass@1: 53.88 pass@1: 94.21 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 450 16 1.0 4000

LLaMA Models

LLaMA-3.1-8B
MENTOR (Qin et al., 2025) avg@32: 1.2 avg@32: 0.6 - pass@1: 8.9 pass@1: 16.2 pass@1: 30.2 - ✓ OpenR1-MATH 128 64 1E-06 220K 120 8 1.0 8k

TTRL (Liu et al., 2025a) pass@1: 10.0 - pass@1: 63.7 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 32 0.6 3K

ETMR (Liu et al., 2025a) pass@1: 16.9 - pass@1: 59.5 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 32 0.6 3K

LLaMA-3.1-8B-Instruct

AEPO-Dong (Dong et al., 2025a) pass@1: 26.7 pass@1: 16.7 pass@1: 65.8 - - pass@1: 80.6 - ✓ - 128 16 - - - 16 0.6 20K

ARPO (Dong et al., 2025b) pass@1: 23.3 pass@1: 16.7 pass@1: 64.6 - - pass@1: 80.2 - ✓
Tool-Star,
STILL, Tool-Star

128 16 - - - 16 - 4K

EM_INF (Agarwal et al., 2025) pass@1: 3.3 - pass@1: 43.0 pass@1: 16.4 pass@1: 22.8 - - ✓ - - - - - - - 0.1 -

GRPO + D3S (Wang et al., 2025a) pass@1: 5.3 pass@1: 0.1 - pass@1: 3.3 pass@1: 22.5 pass@1: 35.9 pass@1: 20.3 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

LLaMA-3.2-3B-Instruct
SimKO (Peng et al., 2025) pass@1: 13.8 pass@1: 1.0 pass@1: 54.6 pass@1: 21.0 pass@1: 18.5 - pass@1: 35.2 ✓ GSM8K, MATH 1K 256 1E-06 - - 8 1.0 -

M2PO (Zheng et al., 2025a) avg@16: 10.4 avg@16: 4.4 avg@4: 52.0 avg@4: 18.1 avg@4: 21.2 - avg@4: 33.8 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K

Qwen-2 Models

Qwen-2.5-3B

TTRL (Liu et al., 2025a) pass@1: 7.9 - pass@1: 72.2 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 64/32 0.6 3K

MENTOR (Qin et al., 2025) avg@32: 8.3 avg@32: 3.8 - pass@1: 35.2 pass@1: 26.5 pass@1: 69.8 - ✓ MATH (3-5) 128 64 1E-06 - 120 8 1.0 8k

DCPO (Yang et al., 2025b) avg@1: 3.3 avg@1: 62.5 avg@1: 71.2 - - - avg@1: 10 ✓
DAPO-Math-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

ETMR (Liu et al., 2025a) pass@1: 9.2 - pass@1: 71.7 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - - - -

Qwen-2.5-7B

GRPO+POSITION (Deng et al., 2025) pass@4: 29.75 pass@4: 25.36 pass@4: 90 - - - pass@4: 80 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

GRPO+PPL (Deng et al., 2025) pass@4: 35.48 pass@4: 24.35 pass@4: 92.4 - - - pass@4: 85 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

SimKO (Peng et al., 2025) pass@1: 16.3 pass@1: 9.4 pass@1: 76.7 pass@1: 38.7 pass@1: 35.2 - pass@1: 57.3 ✓ MATH 1K 256 1E-06 - - 8 1.0 -

MENTOR (Qin et al., 2025) avg@32: 18.3 avg@32: 16.5 - pass@1: 45.2 pass@1: 34.9 pass@1: 81.4 - ✓ MATH (3-5) 128 64 1E-06 - 120 8 1.0 8k

Clip-Cov (Cui et al., 2025) avg@32: 22.1 avg@32: 15.8 avg@32: 80.4 avg@32: 44.1 avg@32: 41.1 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

KL-Cov (Cui et al., 2025) avg@32: 22.6 avg@32: 12.9 avg@32: 80.8 avg@32: 42.6 avg@32: 38.2 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

FlowRL (Zhu et al., 2025) avg@16: 15.41 avg@16: 10.83 avg@16: 66.96 avg@16: 34.61 avg@16: 31.41 - - ✓ DAPO-Math-17K 512 - 1E-06 - - 8 - 8K

EM 1-shot (Gao et al., 2025) - - avg@8: 67.4 avg@8: 33.6 avg@8: 22.1 - avg@8: 45.6 ✓ NuminaMath 64 2 2E-05 1.0 10 - 0.5 -

FR3E (Zheng et al., 2025b) acc: 25.2 - acc: 79 acc: 42.1 acc: 39 - acc: 67.5 ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-06 - - 16 - 16k

Qwen-2.5-7B-Instruct
AEPO-Dong (Dong et al., 2025a) pass@1: 33.3 pass@1: 33 pass@1: 80.4 - - pass@1: 90 - ✓ - 128 16 - 1K - 16 0.6 20K

ARPO (Dong et al., 2025b) pass@1: 30 pass@1: 30 pass@1: 78.8 - - pass@1: 88.8 - ✓ STILL, Tool-Star 128 - - - - 16 - 4K

EM_INF (Agarwal et al., 2025) pass@1: 11.1 - pass@1: 73.8 pass@1: 38.2 pass@1: 41.2 - - ✓ - - - - - - - 0.1 -

Qwen-2.5-14B
TreeRL (Hou et al., 2025) acc: 20.8 - acc: 81.7 acc: 44.6 - - - ✓

MATH-train,
NuminaMath

480 - 1.5E-06 - - 30 1.2 8K

DCPO (Yang et al., 2025b) avg@1: 20 avg@1: 85 avg@1: 84.6 - - - avg@1: 23.3 ✓
DAPO-Math-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

STEER (Hao et al., 2025) avg@32: 19.3 avg@32: 14.0 avg@1: 81.6 avg@1: 46.3 avg@1: 39.1 - avg@32: 70.3 ✓ DAPO-Math-17k 512 32 1E-06 - 150 8 1.0 3K

Qwen-2.5-32B

DAPO (Yu et al., 2025) avg@32: 50 - - - - - - ✓ DAPO-Math-17K - 512 1E-06 17K - 16 - 20K

M2PO (Zheng et al., 2025a) avg@16: 24.8 avg@16: 19.4 avg@4: 85.7 avg@4: 51.7 avg@4: 41.5 - avg@4: 76.3 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K

Clip-Cov (Cui et al., 2025) avg@32: 32.3 avg@32: 22.7 avg@32: 87 avg@32: 57.2 avg@32: 46 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

KL-Cov (Cui et al., 2025) avg@32: 36.8 avg@32: 30.8 avg@32: 84.6 avg@32: 49 avg@32: 46.3 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

FlowRL (Zhu et al., 2025) avg@16: 23.95 avg@16: 21.87 avg@16: 80.75 avg@16: 51.83 avg@16: 38.21 - - ✓ DAPO 512 - 1E-06 - - 8 - 8K

FR3E (Zheng et al., 2025b) acc: 40.2 - acc: 87.4 acc: 51.7 acc: 45.6 - acc: 80 ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-06 - - 16 - 16k

Qwen-2-Math Models

Qwen-2.5-Math-1.5B

GRPO + D3S (Wang et al., 2025a) pass@1: 11.2 pass@1: 6.9 - pass@1: 10.6 pass@1: 23.5 pass@1: 53.7 pass@1: 48.6 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

GSPO + D3S (Wang et al., 2025a) pass@1: 11.4 pass@1: 8.2 - pass@1: 10.5 pass@1: 22.9 pass@1: 54.0 pass@1: 48.4 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

TTRL (Liu et al., 2025a) pass@1: 15.8 - pass@1: 73.0 - - - - ✗

AIME24,
AMC,
MATH-500

- - 5E-07 - - 64/32 0.6 3K

EDGE-GRPO (Zhang et al., 2025e) pass@1: 10.0 - pass@1: 73.20 pass@1: 37.33 pass@1: 29.04 - - ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-06 2k 1000 - - 1K

ETMR (Liu et al., 2025a) pass@1: 21.0 - pass@1: 76.9 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - - - -

EMPO (Zhang et al., 2025b) pass@1: 13.3 - - pass@1: 36.6 pass@1: 32.4 pass@1: 73.0 pass@1: 55.0 ✓ - - - - - - - - -

STEER (Hao et al., 2025) avg@32: 17.2 avg@32: 9.7 avg@1: 75.4 avg@1: 36.9 avg@1: 28.0 - avg@32: 61.3 ✓ DAPO-Math-17k 512 32 1E-06 - 150 8 1.0 3K

UCAS (Xie et al., 2025) pass@1: 23.3 - pass@1: 80.6 pass@1: 42.1 pass@1: 31.6 - - ✓ MATH (3-5) 512 - 1E-06 - - 16 1.0 3K

AEnt (Shen, 2025) acc: 21.7 - acc: 75.0 acc: 37.7 acc: 33.0 - - ✓ MATH 512 - 2E-06 7.5K - 16 - 3K

Qwen-2.5-Math-7B

FR3E (Zheng et al., 2025b) acc: 39.1 - acc: 82.2 acc: 46.5 acc: 40.8 - acc: 67.5 ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-06 - - 16 - 16k

ACPO (Yin et al., 2025) acc@8: 34.2 acc@8: 16.25 acc@8: 83.4 - - - acc@8: 71.9 ✗ DAPO-17k 192 - 1E-06 - - - 1.0 -

DCPO (Yang et al., 2025b) avg@1: 46.7 avg@1: 82.6 avg@1: 82.5 - - - avg@1: 16.7 ✓
Math-DAPO-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

CANON-Inter (Chen et al., 2025a) avg@10: 32.7 avg@10: 18.7 pass@1: 87.0 pass@1: 51.7 - - - ✓
OpenR1-Math-220k
(45k subset)

- - 1E-06 45k - 16 - 8K

Entropy Adv (Cheng et al., 2025) pass@1: 33.7 pass@1: 17.6 pass@1: 83.1 - - - pass@1: 69.8 ✗ DAPO-Math-17K 512 32 1E-06 - - 16 1.0 8K

GRPO + D3S (Wang et al., 2025a) pass@1: 20.3 pass@1: 7.9 - pass@1: 10.7 pass@1: 25.0 pass@1: 52.2 pass@1: 54.4 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

GSPO + D3S (Wang et al., 2025a) pass@1: 18.3 pass@1: 8.3 - pass@1: 11.5 pass@1: 28.4 pass@1: 54.9 pass@1: 53.2 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

AEPO-Wang (Wang et al., 2025b) pass@1: 50.0 - - pass@1: 42.4 pass@1: 37.5 pass@1: 82.0 - ✓ DAPO-17K 128 - 1E-06 - - - - 2K

SimKO (Peng et al., 2025) pass@1: 32.8 pass@1: 12.9 pass@1: 77.6 pass@1: 39.8 pass@1: 35.0 - pass@1: 62.4 ✓ MATH 1K 256 1E-06 - - 8 1.0 -

EDGE-GRPO (Zhang et al., 2025e) pass@1: 16.67 - pass@1: 79.00 pass@1: 42.67 pass@1: 36.03 - - ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-06 2k 1000 - - 1K

EMPO (Zhang et al., 2025b) pass@1: 20.0 - - pass@1: 37.3 pass@1: 40.4 pass@1: 78.0 pass@1: 65.0 ✓ - - - - - - - - -

GRPO+POSITION (Deng et al., 2025) pass@4: 55.33 pass@4: 30.85 pass@4: 93.20 - - - pass@4: 85.00 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

GRPO+PPL (Deng et al., 2025) pass@4: 56.89 pass@4: 33.18 pass@4: 94.40 - - - pass@4: 87.50 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

M2PO (Zheng et al., 2025a) avg@16: 33.3 avg@16: 17.5 avg@4: 84.0 avg@4: 47.1 avg@4: 38.1 - avg@4: 63.8 ✓ DeepScaleR 256 512 1E-06 - 1000 8 1.0 16K

CURE (Li et al., 2025b)
avg@32: 35.5
avg@1: 18.5

-
avg@32: 83.4
avg@1: 50.5

avg@1: 48.2 - - avg@32: 89.7 ✓ DAPO-Math-17K 512 32 1E-06 17K 110 - 1.0 2596

STEER (Hao et al., 2025) avg@32: 36.9 avg@32: 16.2 avg@1: 82.4 avg@1: 43.3 avg@1: 41.7 - avg@32: 72.2 ✓ DAPO-Math-17k 512 32 1E-06 - 150 8 1.0 3K

EM 1-shot (Gao et al., 2025) - - avg@8: 78.8 avg@8: 39.7 avg@8: 35.3 - avg@8: 70.3 ✓ NuminaMath 64 2 2E-05 1.0 10 - 0.5 -

UCAS (Xie et al., 2025) pass@1: 43.3 - pass@1: 85.6 pass@1: 48.0 pass@1: 37.6 - - ✓ MATH (3-5) 512 - 1E-06 - - 16 1.0 3K

Qwen-2.5-Math-7B-Instruct EM_INF (Agarwal et al., 2025) pass@1: 14.4 - pass@1: 80.2 pass@1: 40.8 pass@1: 42.3 - - ✓ - - - - - - - 0.1 -

Qwen-3 Models

Qwen-3-1.7B
RL-ZVP (Le et al., 2025)

acc@8: 12.50
pass@8: 23.99

acc@8: 6.25
pass@8: 13.23

acc@8: 70.98
pass@8: 87.35

acc@8: 35.11
pass@8: 54.84

acc@8: 29.96
pass@8: 44.76

-
acc@8: 48.75
pass@8: 77.19

✗
MATH,
NuminaMath-CoT

512 32 3E-06 27.5k 672 8 1.0 4K

M2PO (Zheng et al., 2025a) avg@16: 14.0 avg@16: 6.5 avg@4: 71.8 avg@4: 35.6 avg@4: 29.4 - avg@4: 48.1 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 4K

Qwen-3-30B-A3B UloRL-A3B-128k-Yarn (Du et al., 2025) - avg@32: 85.1 - - - - - ✓ - - 1K 1E-06 - - - 0.85 140k

Qwen-3-4B
PEAR (Huang et al., 2025a) acc@1: 56.66 - acc@1: 84.00 - - - acc@1: 87.50 ✓ GSM8K 128 - 1E-06 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) pass@1: 25.2 pass@1: 22.1 pass@1: 86.7 - - - pass@1: 70.2 ✗ DeepscaleR 128 32 1E-06 - - - - 8k

M2PO (Zheng et al., 2025a) avg@16: 26.7 avg@16: 21.0 avg@4: 85.8 avg@4: 52.3 avg@4: 40.5 - avg@4: 64.4 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K

Qwen-3-8B

PEAR (Huang et al., 2025a) acc@1: 60.00 - acc@1: 85.40 - - - acc@1: 92.50 ✓ GSM8K 128 - 1E-06 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) pass@1: 31.4 pass@1: 25.1 pass@1: 89.4 - - - pass@1: 75.6 ✗ DeepscaleR 128 32 1E-06 - - - - 8k

QAE+CLIP-Cov (Wu et al., 2025b) pass@1: 46.04 pass@1: 37.40 - - - - pass@1: 90.23 ✓ DAPO-Math-17K 512 32 1E-06 - - 32 0.7 20K

QAE+Clip-Higher (Wu et al., 2025b) pass@1: 48.23 pass@1: 34.90 - - - - pass@1: 92.97 ✓ DAPO-Math-17K 512 32 1E-06 - - 32 0.7 20K

QAE+KL-Cov (Wu et al., 2025b) pass@1: 44.69 pass@1: 33.44 - - - - pass@1: 87.97 ✓ DAPO-Math-17K 512 32 1E-06 - - 32 0.7 20K

RL-ZVP (Le et al., 2025)
acc@8: 33.33
pass@8: 54.66

acc@8: 24.58
pass@8: 39.36

acc@8: 89.73
pass@8: 96.13

acc@8: 58.20
pass@8: 72.28

acc@8: 45.96
pass@8: 58.83

-
acc@8: 78.75
pass@8: 94.18

✗
DAPO-Math-17k,
NuminaMath-CoT

512 32 3E-06 37k 1056 16 1.0 8K

M2PO (Zheng et al., 2025a) avg@16: 30.2 avg@16: 23.1 avg@4: 87.2 avg@4: 54.8 avg@4: 42.6 - avg@4: 71.3 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K
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