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Abstract001

Reinforcement learning with verifiable rewards002
(RLVR) has significantly advanced the rea-003
soning capabilities of large language models004
(LLMs). However, it faces a fundamental limi-005
tation termed restricted exploration, where the006
policy rapidly converges to a narrow set of so-007
lutions. While entropy regularization is a popu-008
lar approach used to sustain exploration, it of-009
ten proves unreliable for LLMs, suffering from010
high hyperparameter sensitivity and yielding011
only marginal performance gains. Motivated012
by these inefficiencies, we propose to rethink013
the relationship between policy entropy and014
exploration. By deriving a parametric formu-015
lation of group-relative advantage estimation016
and analyzing entropy dynamics, we concep-017
tually decompose policy entropy into informa-018
tive entropy, which preserves diverse solution019
paths, and spurious entropy, which erodes rea-020
soning patterns. Our analysis reveals that, in021
contrast to blind maximization, effective ex-022
ploration requires entropy refinement—a mech-023
anism implicitly embedded in group-relative024
advantage estimation that sustains informative025
entropy on positive rollouts while suppressing026
spurious entropy on negative ones. Guided by027
this insight, we propose AsymGRPO, an ex-028
ploratory framework that explicitly decouples029
the modulation of positive and negative roll-030
outs. This allows for independent control over031
the preservation of informative entropy and the032
suppression of spurious noise. Extensive exper-033
iments demonstrate that AsymGRPO achieves034
superior performance compared to strong base-035
lines and exhibits the potential to synergize036
with existing entropy regularization methods.037

1 Introduction038

Reinforcement learning with verifiable rewards039

(RLVR) has recently emerged as a promising post-040

training paradigm (Zhang et al., 2025; Lambert041

et al., 2024; Wen et al., 2025; Mroueh, 2025;042

Wen et al., 2025; Lv et al., 2025). By leverag-043

ing programmatic feedback via automated veri- 044

fiers, RLVR effectively alleviates reward-model 045

overoptimization (“reward hacking”) (Miao et al., 046

2024; Gao et al., 2023) and enables verification- 047

guided solution exploration for large language 048

models (LLMs) (Setlur et al., 2024b; Wang et al., 049

2025b), thereby improving performance on chal- 050

lenging reasoning tasks, such as mathematics and 051

coding (Gehring et al., 2024; Setlur et al., 2024a). 052

Despite its success, RLVR faces a fundamental 053

limitation termed restricted exploration, often man- 054

ifesting as entropy collapse (Cui et al., 2025; Yu 055

et al., 2025; Yue et al., 2025): In the early stage 056

of training, the policy becomes overconfident in 057

a narrow set of solutions, causing its entropy to 058

drop sharply. This suppression of alternative rea- 059

soning strategies inevitably leads to premature per- 060

formance saturation. To mitigate this, most stud- 061

ies propose enforcing entropy regularization in the 062

training objective (Wang et al., 2025c; He et al., 063

2025), attempting to artificially raise policy entropy 064

with the expectation of sustaining exploration. 065

However, recent studies have revealed that en- 066

tropy regularization is less effective for LLM-RL 067

than in conventional RL (Haarnoja et al., 2018; 068

Schulman et al., 2017). It is highly hyperparameter- 069

sensitive, prone to entropy explosion that yields 070

near-uniform and semantically uninformative poli- 071

cies, and often provides only marginal performance 072

gains (Jiang et al., 2025; Shen, 2025; He et al., 073

2025), rendering it an unstable and unreliable in- 074

tervention. Given these pervasive inefficiencies, a 075

critical yet overlooked question arises: 076

Does simply increasing policy entropy truly 077

guarantee improved exploration, or is a more nu- 078

anced mechanism required? 079

To answer this question, we conduct a rig- 080

orous analysis of entropy dynamics during RL 081

training. Using group-relative advantage estima- 082

tion (Shao et al., 2024) as a probe, we derive its 083

continuous, parametric formulation to enable fine- 084
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grained control and ablation of policy update dy-085

namics. Through systematic performance compar-086

isons, mechanistic analysis, and adversarial entropy087

flipping experiments, we conceptually decompose088

policy entropy into two distinct types: informa-089

tive entropy, which facilitates effective exploration090

by preserving diverse solution paths, and spurious091

entropy, which tends to erode salient reasoning092

patterns by introducing unnecessary noise. With093

this distinction, we reveal that group-relative ad-094

vantage estimation functions as an implicit entropy095

refinement mechanism: it sustains informative en-096

tropy on positive rollouts while suppressing spuri-097

ous entropy on negative ones, synergistically driv-098

ing higher performance. This finding clarifies that:099

Effective exploration requires precise entropy100

refinement rather than the blind maximization101

inherent in naïve entropy regularization.102

Guided by this insight, we propose an ex-103

ploratory framework termed Asymmetric Group-104

Relative Policy Optimization (AsymGRPO) to in-105

vestigate precise entropy refinement. Formulated106

as a parametric generalization of group-relative107

estimation, AsymGRPO explicitly decouples the108

modulation of positive and negative rollouts, al-109

lowing for independent control over the intensity110

of informative entropy sustainment and spurious111

entropy suppression. Experiments on five math-112

ematical reasoning benchmarks demonstrate that113

AsymGRPO achieves highly competitive perfor-114

mance compared to strong baselines and exhibits115

the potential to collaborate with existing entropy-116

regularized methods for further performance gains.117

2 Mechanistic Analysis of Entropy118

Dynamics in Group-Relative Policy119

Optimization120

In this section, we formulate the RLVR framework121

and deconstruct the Group-Relative Policy Opti-122

mization (GRPO) algorithm. By generalizing stan-123

dard GRPO into a parametric form and analyzing it124

as a reweighting mechanism, we uncover its inher-125

ent capability for bidirectional entropy modulation.126

2.1 RLVR Formulation and Parametric127

Generalization of Group-Relative128

Advantages129

Reinforcement learning with verifiable rewards130

(RLVR) encourages models to develop long, de-131

liberate chains of thought, thereby substantially132

improving reasoning accuracy. Given an LLM pol-133

icy πθ, the standard objective is to maximize the 134

expected reward of sampled responses: 135

max
θ

JRLVR(θ) = Ex∼D, y∼πθ(·|x)
[
r(x, y)

]
,

(1) 136

where x is a prompt sampled from dataset D, y is 137

a rollout generated by πθ, and r(x, y) ∈ {0, 1} is a 138

binary verifiable reward indicating correctness. 139

PPO-style surrogate objective. To optimize (1), 140

RLVR methods typically employ a PPO-style 141

clipped surrogate objective (Schulman et al., 2017): 142

JPPO(θ) = Ex∼D, y∼πθold
(·|x)[

1

T

T∑
t=1

min
(
ρt(θ)At, clip

(
ρt(θ), 1− ϵ, 1 + ϵ

)
At

)]
.

(2) 143

where ρt(θ) =
πθ(yt|x,y<t)

πθold
(yt|x,y<t)

is the importance ra- 144

tio, T is the length of rollout y, and ϵ is the clip- 145

ping hyperparameter. At denotes the token-level 146

advantage, which is typically estimated by a value 147

network in standard PPO. In reasoning tasks with 148

sparse rewards, the outcome reward is typically as- 149

signed to all tokens in the trajectory (Guo et al., 150

2025; Liu et al., 2025), such that At takes the value 151

of the rollout-level advantage Arollout for all t. 152

Entropy Regularization. Standard RL methods 153

often augment the PPO objective with an entropy 154

bonus to encourage exploration. Mathematically, 155

the entropy of the current policy πθ over the vocab- 156

ulary V at timestep t is defined as: 157

Ht(πθ) = −
∑
v∈V

πθ(v | x, y<t) log πθ(v | x, y<t) .

(3) 158

Group Relative Policy Optimization (GRPO). 159

GRPO (Shao et al., 2024) estimates the rollout- 160

level advantage Arollout using group statistics with- 161

out a value network. For each prompt x, it samples 162

a group of G rollouts {yi}Gi=1 from the old policy 163

and computes the advantage by standardizing re- 164

wards against the group statistics. This significantly 165

reduces memory and computational costs: 166

AGRPO
i =

r(x, yi) − mean
(
{ r(x, yj) }Gj=1

)
std
(
{ r(x, yj) }Gj=1

) .

(4) 167

We refer to AGRPO
i as the group-relative advan- 168

tage, as it evaluates the quality of each rollout rela- 169

tive to its peers within the same prompt-level group. 170

The foundational REINFORCE formulation. 171

The most elementary form of advantage estima- 172

tion, the REINFORCE algorithm (Williams, 1992), 173
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Figure 1: (a) Positive rollout advantage w.r.t. group accuracy. (b) Negative rollout advantage w.r.t. group accuracy.
(c) Estimated sample covariance w.r.t. group accuracy collected during the first 40 training steps.

employs a group-independent constant baseline.174

Standard implementations typically assign a fixed175

scalar value based solely on the binary outcome.176

A standard practice in RLVR is to set the baseline177

b = 0.5 and rescale the rewards (Zhu et al., 2025;178

Peng et al., 2025), yielding:179

AREINFORCE
i = 2 r(x, yi)− 1 ∈ {+1,−1}.

(5)180

In this setting, positive rollouts consistently con-181

tribute +1 and negative rollouts contribute −1, re-182

gardless of the model’s current performance. This183

provides a neutral reference point for analyzing the184

dynamic properties of group-relative estimators.185

GRPO from group accuracy. Under binary re-186

wards r ∈ {0, 1}, the group mean equals the in-187

group accuracy p = 1
G

∑G
j=1 r(x, yj), and the stan-188

dard deviation becomes
√

p(1− p). Consequently,189

the advantages for positive (r = 1) and negative190

(r = 0) rollouts calculated by Eq. (4) can be ex-191

pressed solely as functions of p:192

AGRPO
pos (p) =

√
1− p

p
, AGRPO

neg (p) = −
√

p

1− p
.

(6)193

We note that while Eq. (6) is undefined at the bound-194

aries p ∈ {0, 1}, these singularities are benign:195

when p = 0, no positive rollouts exist to instantiate196

Apos, and conversely for p = 1.197

Parametric generalization of group-relative ad-198

vantages. To unify the fixed-magnitude advan-199

tages (±1) and the dynamic, accuracy-dependent200

advantages of GRPO, we introduce a continuous201

β-parametrized family of advantage functions:202

A(β)
pos(p) =

(
1− p

p

)β

, A(β)
neg(p) = −

(
p

1− p

)β

.

(7)203

This formulation generalizes the advantage esti-204

mation: setting β = 0.5 recovers the standard205

GRPO scaling in Eq. (6), while β = 0 collapses to206

the constant-magnitude REINFORCE regime in 207

Eq. (7). This parametric view allows us to analyze 208

and control the intensity of the advantage signal 209

based on group accuracy. 210

2.2 Bidirectional Entropy Modulation via 211

Group-Accuracy Dependent Reweighting 212

Gradient Reweighting View. We now examine the 213

mechanistic impact of group-relative advantages by 214

shifting focus from variance reduction to gradient 215

reweighting. Omitting the clipping operation for 216

clarity, the effective rollout-level policy gradient 217

derived from Eq. (2) can be expressed as: 218

∇θJ (θ) ≈ Ex∼D, {yi}Gi=1∼πθold
(·|x)[

1

G

G∑
i=1

Ai ·

(
1

T

T∑
t=1

ρi,t(θ)∇θ log πθ(yi,t)

)]
.

(8) 219

Eq. (8) reveals that the magnitude |Ai| functions as 220

a scalar weight scaling the gradient update of roll- 221

out i, while the sign determines the direction. Thus, 222

GRPO essentially implements a rollout reweight- 223

ing mechanism dependent on group accuracy p. 224

Compared to a constant baseline (where |Ai| is 225

fixed), Fig. 1(a)-(b) illustrates how GRPO dynami- 226

cally modulates these weights: for positive rollouts, 227

the weight |Ai| decreases as p increases; for neg- 228

ative rollouts, the weight |Ai| increases as p rises. 229

The hyperparameter β explicitly controls the in- 230

tensity of this relative deviation from the constant 231

baseline. 232

Bidirectional Entropy Dynamics. To link this 233

reweighting to entropy, we consider the entropy 234

change under natural policy gradient in a single- 235

step bandit approximation ( Kakade, 2001; Proof in 236

Cui et al., 2025). For a given prompt x, the change 237

is governed by the covariance: 238

∆H(π(·|x)) ≈ −η · Covy∼π(·|x)
(
log π(y|x), A(y)

)
.

(9) 239
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Figure 2: Evolution of training dynamics and mechanism analysis. The top row presents results on Qwen2.5-
Math-1.5B, while the bottom row corresponds to Qwen3-4B. (a, e) Policy entropy over training steps. (b, f) Average
validation accuracy. (c, g) The epoch-wise proportion of prompts categorized as “all-solved” and “none-solved”. (d,
h) The average log probability increment of positive samples after each update.

We estimated the average sample covariance for240

prompts with different accuracies during RL train-241

ing (details in Appendix B). As shown in Fig. 1(c),242

the covariance correlates positively with p, con-243

firming that high group accuracy implies a strong244

natural tendency for entropy reduction.245

Combining this with the reweighting analysis246

reveals a bidirectional entropy modulation: (1)247

on positive rollouts, the decaying advantage weight248

opposes the increasing covariance trend, effectively249

sustains policy entropy; and (2) on negative roll-250

outs, the amplifying penalty aligns with the covari-251

ance trend, actively drives entropy reduction. We252

empirically verify these distinct entropy dynamics253

in the following section.254

3 Group-Relative Policy Optimization as255

a Mechanism for Entropy Refinement256

Building on our theoretical analysis that group-257

relative advantages drive entropy in opposite di-258

rections on positive and negative rollouts, we now259

present empirical evidence demonstrating how this260

mechanism instantiates informative and spurious261

entropy in practice. We examine how these dis-262

tinct entropy dynamics influence reasoning per-263

formance through controlled ablation studies us-264

ing Qwen2.5-Math-1.5B (Yang et al., 2024) and265

Qwen3-4B (Yang et al., 2025a). Our experiments266

track entropy trends and average validation accu-267

racy across multiple mathematical reasoning bench-268

marks during RL training. To systematically iso-269

late these effects, we instantiate Eq. (7) with sepa-270

rate coefficients for successful and failed rollouts,271

denoted βpos and βneg, generating a family of ad- 272

vantage variants by varying (βpos, βneg). Detailed 273

experimental settings are provided in Appendix C. 274

3.1 Validating the Refinement Hypothesis: 275

Disentangling Informative and Spurious 276

Entropy 277

To investigate the fine-grained entropy dynamics 278

and performance effects induced by GRPO, we 279

decompose its group-relative modulation into two 280

parametric variants compared against a constant 281

baseline: 282

1. Pos-Only Modulation (βpos = 0.5, βneg = 283

0): Applies group-relative reweighting exclu- 284

sively to positive rollouts. 285

2. Neg-Only Modulation (βpos = 0, βneg = 286

0.5): Restricts group-relative reweighting 287

solely to negative rollouts. 288

We employ REINFORCE as the reference con- 289

stant baseline (βpos = 0, βneg = 0) and also eval- 290

uate REINFORCE with Entropy Regularization 291

using tuned hyperparameters. This decomposition 292

allows us to explicitly disentangle the impact of 293

sustaining entropy on successful rollouts from the 294

impact of suppressing entropy on failed rollouts. 295

1. Pos-Only Modulation: Sustaining Informa- 296

tive Entropy 297

▶ Observation: Compared to the REINFORCE 298

baseline, the Pos-Only variant maintains substan- 299

tially higher policy entropy throughout training 300

(Fig. 2(a,e)). This aligns with the gradient reweight- 301

ing view established in Sec. 2.2, which posits that 302
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the modulation on positive rollouts opposes the nat-303

ural trend of entropy reduction. Consequently, this304

mechanism explicitly weakens the force of entropy305

collapse, effectively reserving exploration budget306

for uncertain regions. Crucially, this sustained en-307

tropy is accompanied by a clear improvement in308

validation accuracy (Fig. 2(b,f)), indicating that the309

preserved variability facilitates productive explo-310

ration rather than mere noise. We therefore regard311

the entropy maintained by Pos-Only modulation as312

informative entropy.313

↪→ Mechanism Analysis: To understand how this314

retained entropy aids reasoning, we track the epoch-315

wise proportion of “all solved” and “none solved”316

groups during training (Fig. 2 (c,g)). Across both317

models, increasing βpos consistently leads to a sig-318

nificant reduction in the fraction of “none-solved”319

groups, suggesting that the maintained entropy al-320

lows the policy to expand the solvable boundary321

into previously intractable regions.322

Regarding “all-solved” groups, we observe dis-323

tinct patterns: while Qwen3-4B shows an increase,324

Qwen2.5-Math-1.5B exhibits a decrease. For the325

latter case, this reduction indicates a resistance to326

overfitting on easy prompts. This behavior aligns327

with recent findings that over-reinforcing easy in-328

stances can induce negative interference that hin-329

ders generalization to harder tasks (Nguyen et al.,330

2025; Yao et al., 2025; Dong et al., 2025). By331

preventing premature convergence on simple prob-332

lems, the modulation mitigates such interference333

and effectively channels the learning budget into334

productive exploration on difficult queries.335

2. Neg-Only Modulation: Pruning Spurious336

Entropy337

▶ Observation: Compared to the REINFORCE338

baseline, the Neg-Only variant exhibits a marked re-339

duction in policy entropy throughout training, par-340

ticularly for Qwen3-4B (Fig. 2(a,e)). This observa-341

tion validates the theoretical insight from Sec. 2.2:342

the reweighting on negative rollouts aligns with343

the natural tendency for entropy reduction, thereby344

accelerating the decrease in policy uncertainty. In345

parallel, validation accuracy improves noticeably346

(Fig. 2(b,f)), suggesting that the discarded uncer-347

tainty serves no functional role in reasoning and348

does not support productive exploration. We there-349

fore regard the entropy pruned by Neg-Only modu-350

lation as spurious entropy.351

↪→ Mechanism Analysis: To understand how352

this entropy pruning affects learning, we track the353

average log probability increment of positive 354

samples after each policy update (calculated as 355

E[log πnew(y) − log πold(y)] across all successful 356

rollouts). We observe that increasing the modu- 357

lation strength from βneg = 0 to 0.5 consistently 358

elevates the curve of these likelihood gains. This 359

suggests that GRPO’s targeted suppression of spu- 360

rious entropy mitigates Lazy Likelihood Displace- 361

ment (Deng et al., 2025), where indiscriminate neg- 362

ative gradients on incorrect samples hinder the 363

effective exploitation of correct solutions. Such 364

interference arises because incorrect trajectories of- 365

ten share long reasoning prefixes with positive roll- 366

outs within the same group; consequently, uniform 367

penalties on failures can inadvertently dampen the 368

probability growth of valid paths (Razin et al., 369

2024; Ren and Sutherland, 2024). By reducing 370

this destructive interference, negative modulation 371

allows the probability of correct reasoning paths to 372

grow more robustly. 373

However, a distinct pattern emerges when βneg is 374

further increased to 0.75: the curve drops below the 375

baseline level. We hypothesize that with such an ex- 376

cessively high βneg, the penalties on common error 377

patterns (i.e., groups with low accuracy) become 378

insufficient. This causes the model to settle into 379

overly rigid behaviors on difficult problems (Zhu 380

et al., 2025), which subsequently suppresses the 381

likelihood gains for novel solutions. These results 382

suggest that the negative modulation strength re- 383

quires careful tuning to effectively prune spurious 384

entropy, thereby avoiding the introduction of harm- 385

ful or non-functional uncertainty without freezing 386

the model’s capacity for improvement. 387

3. Naïve Entropy Regularization: The Subopti- 388

mality of Blind Entropy Inflation 389

▶ Observation: While the Entropy Regularization 390

baseline successfully raises policy entropy, even 391

with hyperparameter tuning, it fails to match the 392

reasoning accuracy of the Pos-Only modulation 393

(Fig. 2 (b,f)). Examining the group composition 394

metrics, we find that the proportions of “all-solved” 395

and “none-solved” groups remain at similar lev- 396

els to those in the REINFORCE baseline. This 397

suggests that blindly injecting entropy fails to sub- 398

stantially enhance exploration or extend the solv- 399

able boundary, underscoring the need for targeted 400

entropy refinement that treats different sources of 401

entropy separately rather than through a uniform 402

regularization term. 403
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Figure 3: Adversarial entropy flipping experiments. (a, c) Policy entropy. (b, d) Average validation accuracy.

3.2 Adversarial Analysis: The Necessity of404

Bidirectional Entropy Modulation405

To further verify the existence of informative and406

spurious entropy, and to assess the necessity of407

applying opposite modulation to positive and neg-408

ative rollouts in GRPO, we design an adversarial409

“flipping” experiment. Based on the parametric410

advantage formulation in Eq. (7), we construct411

flipped versions of the advantage curves to re-412

verse the original reweighting trends (Fig. 1(a)–413

(b)). Mathematically, this is achieved by reflect-414

ing the advantage function around p = 0.5, such415

that Ã(p) = A(1− p).1 With (βpos, βneg) fixed at416

(0.5, 0.5), this construction yields two adversarial417

variants:418

1. EntDecrease: Flips the positive-advantage419

curve while keeping the negative curve un-420

changed (Fig. 1(a)). By reversing the weight-421

ing on positive rollouts, this variant drives a422

consistent entropy reduction.423

2. EntIncrease: Flips the negative-advantage424

curve while leaving the positive curve intact425

(Fig. 1(b)). By reversing the weighting on426

negative rollouts, this variant promotes a con-427

sistent entropy increase.428

This unification of entropy dynamics allows us to429

isolate and examine whether the directional entropy430

modulation inherent to GRPO is indeed critical for431

performance.432

▶ Observation: Compared to GRPO, EntDe-433

crease induces a clear reduction in policy entropy434

throughout training, while EntIncrease produces435

a marked increase in entropy (Fig. 3(a, c)), yet436

both variants exhibit lower validation accuracy than437

GRPO and show late-stage degradation in perfor-438

mance (Fig. 3(b, d)). This pattern indicates that439

suppressing the entropy associated with positive440

rollouts in EntDecrease removes the informative441

variability that GRPO maintains, whereas inflat-442

ing the entropy on negative rollouts in EntIncrease443

1For completeness, advantages at boundary cases are han-
dled by linearly extending the final segment of the curve; full
implementation details are provided in Appendix D.

injects additional harmful uncertainty. Taken to- 444

gether, these adversarial flips confirm that GRPO’s 445

original design—preserving entropy on successes 446

while reducing entropy on failures—aligns with our 447

notion of informative versus spurious entropy, and 448

that reversing these roles leads to unstable training 449

and inferior reasoning performance. 450

TAKEAWAY

• GRPO refines entropy by increasing it on
positive rollouts and decreasing it on nega-
tive rollouts (Section 3.1).

• Both sustaining informative entropy and
pruning spurious entropy improve perfor-
mance (Section 3.1)

• Indiscriminate entropy modulation that
suppresses informative entropy or ampli-
fies spurious entropy degrades accuracy
and destabilizes training (Section 3.2).

• Conclusion: Blindly maximizing or min-
imizing entropy is suboptimal. Effective
post-training requires entropy refinement
strategies.

451

4 Asymmetric Group-Relative Policy 452

Optimization 453

Motivated by the objective of entropy refinement, 454

we move from analysis to algorithmic formula- 455

tion. While GRPO inherently performs this refine- 456

ment by applying opposing forces to successful and 457

failed rollouts, enforcing a fixed, symmetric cou- 458

pling between these forces may limit the flexibility 459

needed for optimal training dynamics. 460

In this section, we propose an exploratory frame- 461

work, called Asymmetric Group-Relative Policy 462

Optimization (AsymGRPO), to explicitly decou- 463

ple the modulation of positive and negative rollouts. 464

Rather than introducing a radically new optimiza- 465

tion paradigm, AsymGRPO serves as a paramet- 466

ric generalization of GRPO, enabling more pre- 467
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Table 1: Main experimental results on mathematical reasoning benchmarks. The best result in each column is shown
in bold, and the second-best is underlined.

Method MATH-500 AIME24 AIME25 AMC23 Olympiad Avg.

Qwen3-4B 81.60 21.67 20.00 63.75 47.52 46.91

RLVR Baselines
REINFORCE 86.60 28.67 24.67 73.75 54.86 53.71
GRPO (Guo et al., 2025) 88.20 31.00 27.33 78.25 57.74 56.50
GRPO w/ Entro.Regularization 88.20 38.33 28.33 75.50 57.24 57.52
GRPO w/ Clip-higher (Yu et al., 2025) 90.07 34.67 32.33 78.50 58.18 58.75
GRPO w/ Entro.Adv (Cheng et al., 2025) 86.73 32.00 25.33 77.25 54.46 55.16
Dr.GRPO (Liu et al., 2025) 88.87 36.33 30.00 78.25 57.24 58.14
Pass@K Training (Chen et al., 2025) 86.33 27.67 31.00 74.00 55.06 54.81

Our Methods
Pos-Only Modulation (§ 3.1) 87.13 27.33 28.00 76.75 57.34 55.31
Neg-Only Modulation (§ 3.1) 87.00 26.00 27.00 78.00 54.46 54.49
EntIncrease (§ 3.2) 85.60 26.00 23.33 71.75 53.03 51.94
EntDecrease (§ 3.2) 83.73 25.00 23.67 71.50 50.74 50.93
AsymGRPO (βpos = βneg) 88.53 32.00 29.33 78.50 57.34 57.14
AsymGRPO 89.33 39.33 28.67 81.00 58.48 59.36
AsymGRPO w/ Clip-higher 89.73 33.67 36.00 83.25 58.93 60.32

cise control over the intensity of entropy refine-468

ment—sustaining informative exploration while469

precisely pruning spurious noise.470

4.1 Decoupled Advantage Formulation471

To break the fixed and symmetric reweighting con-472

straints of the standard formulation (Eq. 6), we473

introduce two independent hyperparameters, βpos474

and βneg. These parameters govern the reweighting475

intensity for positive and negative samples, respec-476

tively. For a group of rollouts {yi}Gi=1 with group477

accuracy p, the decoupled token-level advantage478

estimates Ai,t are defined as:479

Ai,t(p) =
A

(βpos)
pos (p) =

(
1− p

p

)βpos

if r(x, yi) = 1,

A
(βneg)
neg (p) = −

(
p

1− p

)βneg

if r(x, yi) = 0.

(10)480

This formulation recovers the standard REIN-481

FORCE baseline when (βpos, βneg) = (0, 0) and482

the standard GRPO when βpos = βneg = 0.5. By483

setting βpos ̸= βneg, the algorithm enables an asym-484

metric modulation strategy, e.g., maintaining a high485

βpos to boost exploration on rare successes while486

calibrating βneg to appropriately penalize errors487

without causing collapse.488

4.2 Asymmetric Policy Gradient489

To explicitly reflect this separation in the optimiza-490

tion landscape, we decompose the policy gradi-491

ent into two distinct components summed over the492

subsets of correct rollouts (I+) and incorrect roll- 493

outs (I−). The resulting policy gradient (simplified 494

without PPO clipping) is given by: 495

∇θJAsym = Ex∼D,{yi}Gi=1∼πθold[
1

G

( ∑
i∈I+

|yi|∑
t=1

∇θ log πθ(yi,t|x, yi,<t) ·A
(βpos)
pos︸ ︷︷ ︸

Positive Rollout Gradient

+
∑
j∈I−

|yj |∑
t=1

∇θ log πθ(yj,t|x, yj,<t) ·A
(βneg)
neg︸ ︷︷ ︸

Negative Rollout Gradient

)]
.

(11) 496

By decoupling the advantage terms, this formu- 497

lation allows the optimizer to independently scale 498

the learning signals from informative successes and 499

spurious failures using the group-level advantages 500

(Apos and Aneg), thereby facilitating the targeted 501

entropy refinement strategy verified in our analysis. 502

4.3 Main Experimental Results and Analysis 503

We evaluate the proposed methods by train- 504

ing the Qwen3-4B model on the MATH 505

dataset (Hendrycks et al., 2021). To ensure ro- 506

bust evaluation, we report the Avg@5 accuracy for 507

large datasets (MATH-500, OlympiadBench) and 508

Avg@10 accuracy for small datasets (AIME 2024, 509

AIME 2025, AMC 2023) with temperature = 0.4 510

and Top-p = 1.0. MATH-500 serves as the vali- 511

dation set: for each run, we select the checkpoint 512

achieving the highest validation accuracy and eval- 513

uate it on all mathmatical benchmarks. Detailed 514
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hyperparameters and experimental settings are pro-515

vided in Appendix E.516

Table 1 presents the main and ablation compari-517

son results while Fig. 4 presents the visualization518

of training dynamics of entropy and validation ac-519

curacy. Due to space limitations, we provide ad-520

ditional visualizations of the training dynamics in521

Appendix F. Based on these results, we summarize522

our key findings as follows:523

1. AsymGRPO significantly outperforms524

baselines by optimizing refinement intensity.525

AsymGRPO achieves an average accuracy of526

59.36%, outperforming the standard GRPO base-527

line (56.50%) by a substantial margin of 2.86%.528

Notably, AsymGRPO maintains a policy entropy529

level comparable to GRPO (Fig. 4), suggest-530

ing that the performance gain stems not from531

simply increasing entropy, but from achieving532

a superior entropy refinement—effectively allo-533

cating training pressure. Furthermore, Asym-534

GRPO surpasses the strongest baseline, Dr.GRPO535

(58.14%), by 1.22%, and consistently outperforms536

various entropy-modified GRPO variants (e.g., En-537

tro.Regularization, Clip-higher). Critically, com-538

pared to its own symmetric ablation (symmetric but539

variable modulation by setting βpos = βneg), the de-540

coupled AsymGRPO yields a 2.22% improvement.541

This result empirically validates the necessity of542

the asymmetric formulation: the optimal inten-543

sities for sustaining informative entropy and sup-544

pressing spurious entropy are indeed distinct.545

2. Our reweighting GRPO variants further con-546

firm the necessity of directional entropy mod-547

ulation. The ablation results in Table 1 corrob-548

orate our empirical analysis in Section 3. Pos-549

only and Neg-only modulations both outperform550

the REINFORCE baseline but fall short of the full551

GRPO, indicating that simultaneous (but opposing)552

modulation is beneficial. Conversely, the adversar-553

ial variants EntIncrease and EntDecrease signifi-554

cantly underperform GRPO. This pattern confirms555

that GRPO’s effectiveness originates from its in-556

herent directional modulation—increasing entropy557

on successes and decreasing it on failures—and558

that AsymGRPO amplifies this benefit by granting559

greater flexibility to the modulation intensity.560

3. Clip-higher implicitly filters for informative561

entropy. Among the existing entropy-regularized562

variants of GRPO, Clip-higher (Yu et al., 2025)563

demonstrates the strongest performance (58.75%),564

surpassing naive entropy regularization (57.52%)565

0 100 200 300
Steps

0.1

0.2

0.3

0.4

Entropy

GRPO
AsymGRPO
AsymGRPO w/ clip-higher
clip-higher

0 100 200 300
Steps

50

55

60

65
Avg. Validation Accuracy

GRPO
AsymGRPO
AsymGRPO w/ clip-higher
clip-higher

Figure 4: Entropy Dynamics and Validation Accuracy

by 1.23%. We attribute this to its selective nature: 566

unlike naive regularization which indiscriminately 567

inflates global entropy, Clip-higher leverages the 568

positive advantage signal—encouraging only ac- 569

tions with positive advantages as they alone trigger 570

the clipping upper bound—to filter out unreason- 571

able actions, thereby concentrating the increase on 572

informative entropy rather than spurious noise. 573

4. Synergistic gains with AsymGRPO and 574

Clip-higher. AsymGRPO and Clip-higher oper- 575

ate through orthogonal mechanisms and can be 576

effectively combined. AsymGRPO w/ Clip-higher 577

achieves a remarkable average accuracy of 60.32%. 578

Analysis of the training dynamics (Fig. 4) reveals 579

that compared to GRPO w/ Clip-higher, the com- 580

bined method maintains similar entropy levels 581

throughout the training process. This sustained 582

uncertainty translates into improved exploration 583

and significantly better generalized performance: 584

AsymGRPO w/ Clip-higher outperforms GRPO w/ 585

Clip-higher (58.75%) by 1.57%. This suggests that 586

AsymGRPO serves as a robust backbone, effec- 587

tively refining the learning signal while Clip-higher 588

provides a complementary exploration mechanism, 589

allowing the model to leverage higher entropy for 590

better optimization without collapsing. 591

5 Conclusion 592

This work addresses the critical limitation of re- 593

stricted exploration in RLVR. By conceptually de- 594

composing policy entropy into informative and spu- 595

rious forms, we identify that group-relative estima- 596

tion functions as an implicit entropy refinement 597

mechanism—sustaining useful diversity while sup- 598

pressing noise. Building on this, we propose Asym- 599

GRPO, a parametric framework that explicitly de- 600

couples these modulation effects to optimize the 601

exploration-exploitation trade-off. Experiments 602

confirm its superior performance and synergistic 603

potential with existing entropy-based regularizers. 604

We thus advocate a paradigm shift from indiscrimi- 605

nate entropy maximization toward targeted refine- 606

ment strategies to better guide complex reasoning. 607
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Limitations608

Our work establishes a novel framework for un-609

derstanding and manipulating entropy dynamics in610

RLVR. Building on these findings, we summarize611

several limitations to guide future research:612

• Granularity of Entropy Modulation: While613

utilizing group accuracy as a proxy effectively614

distinguishes entropy types for reweight-615

ing, future research could design more fine-616

grained measurable metrics (e.g., rollout-level,617

token-level) to identify the specific optimiza-618

tion elements driving different types of en-619

tropy dynamics, and achieve more precise, tar-620

geted entropy refinement.621

• Hyperparameter Optimization: Asym-622

GRPO relies on two decoupled hyperparam-623

eters (βpos and βneg) to achieve modulation624

flexibility. Currently, these coefficients re-625

main static throughout the training process626

and require manual tuning. Future investiga-627

tions could explore heuristic optimal correla-628

tions between these parameters to reduce the629

search cost. Additionally, developing adap-630

tive scheduling mechanisms that dynamically631

adjust the modulation intensity across differ-632

ent training stages—rather than using fixed633

values—represents a promising direction to634

further optimize the trade-off between explo-635

ration and exploitation.636

Ethical Considerations637

This research focuses exclusively on computational638

methodologies for model reasoning and involves639

no human subjects, animal testing, or sensitive data.640

Consequently, we anticipate no ethical risks or con-641

flicts of interest. We adhere to the highest standards642

of scientific integrity to ensure the validity and reli-643

ability of our findings.644
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A Related Work890

A.1 Reinforcement learning for LLMs891

Recently, post-training research has increasingly892

focused on reinforcing Large Language Models893

(LLMs) in complex domains such as mathematics894

and programming using outcome-level verifiable895

rewards (Jaech et al., 2024; Guo et al., 2025; Team896

et al., 2025). This paradigm, often termed RLVR, is897

designed to incentivize extended Chain-of-Thought898

(CoT) reasoning (Wei et al., 2022), thereby en-899

abling models to solve highly complex problems900

through scaled test-time computation (Wang et al.,901

2022). Notably, DeepSeek-R1 (Guo et al., 2025)902

demonstrated that reinforcement learning can ef-903

fectively scale reasoning capabilities, and further904

revealed the spontaneous emergence of advanced905

behaviors such as self-reflection and branching dur-906

ing RLVR training. In practice, the prevailing ap-907

proach is to optimize PPO-style policy-gradient908

surrogate objectives (Schulman et al., 2017) while909

leveraging a range of value-free advantage estima-910

tion methods to simplify reward-baseline compu-911

tation, such as GRPO (Shao et al., 2024), which912

exploits group statistics, and REINFORCE++ (Hu913

et al., 2025), which incorporates global advantage914

normalization for stabilized updates. Despite these915

advances, RLVR still faces substantial challenges916

in exploration (Cui et al., 2025; Yu et al., 2025;917

Yue et al., 2025): insufficient exploration often918

manifests as entropy collapse and premature per-919

formance saturation, ultimately limiting its ability920

to unlock more robust and generalizable reasoning.921

A.2 Exploration in RLVR922

Effective exploration presents a unique challenge923

in RLVR compared to traditional RL settings (Xie924

et al., 2025; Yang et al., 2025b). While standard925

entropy regularization under the maximum-entropy926

RL view is often sufficient to maintain stochas-927

ticity and encourage exploration in conventional928

RL benchmarks (Haarnoja et al., 2018; Schulman929

et al., 2017), it faces difficulties in the vast vocab-930

ulary and long-horizon generation of LLM poli-931

cies (Shen, 2025; Jiang et al., 2025). To address932

this, recent work has pursued two primary direc-933

tions. One line of research focuses on maintaining934

policy entropy at a global level, enforcing target935

entropy constraints to prevent premature conver-936

gence (Yu et al., 2025; Cui et al., 2025). A second937

perspective investigates the non-uniform value of938

tokens, finding that RLVR gains are driven primar-939

ily by specific “forking” tokens—critical decision 940

points in reasoning. Consequently, methods in this 941

area employ token pruning (Wang et al., 2025b) 942

or advantage shaping (Cheng et al., 2025; Wang 943

et al., 2025a) to concentrate exploration credits 944

specifically on these high-impact moments. Most 945

relevantly, concurrent works (Jiang et al., 2025; 946

Shen, 2025) introduce selective regularization. By 947

limiting entropy maximization to the top-p nucleus 948

or adapting it based on confidence, these methods 949

attempt to filter out noise. This aligns with our 950

objective: to amplify informative entropy while 951

suppressing spurious uncertainty. 952

B Details on Covariance Estimation 953

The theoretical analysis of entropy evolution pre- 954

sented in Section 2.2 relies on a simplified approxi- 955

mation within the RL bandit setting (Gittins, 1979), 956

where the prompt x is regarded as the state and the 957

complete response y as the action. 958

During training, we calculate the group-wise 959

covariance for each prompt, and average across 960

a batch of prompts. Following Cui et al., 2025, 961

we normalize the log-probability by the length of 962

the response to mitigate the confounding effect of 963

varying sequence lengths. We define the length- 964

normalized log-probability, denoted as log π̄θ(yi | 965

x), as: 966

log π̄θ(yi | x) ≜
1

|yi|

|yi|∑
t=1

log πθ(yi,t | x, yi,<t).

(12) 967

For a specific group of G rollouts {yi}Gi=1 gen- 968

erated from prompt x, we estimate the covariance 969

between the policy’s confidence and the advantage 970

signal A(x, yi) as: 971

Covgroup =

1

G

G∑
i=1

(log π̄θ(yi | x)− µπ) (A(x, yi)− µA) ,

(13) 972

where µπ and µA denote the mean length- 973

normalized log-probability and mean advantage 974

within the group, respectively. 975

To analyze the relationship between optimiza- 976

tion dynamics and problem difficulty, we aggregate 977

these covariance estimates based on the group accu- 978

racy p. The reported metric Cov(p) is the average 979

covariance over the set of all groups Dp with accu- 980
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racy p:981

Cov(p) =
1

|Dp|
∑
g∈Dp

Cov(g)group. (14)982

In our analysis, we compute this metric using983

data exclusively from the first 40 training steps.984

This restriction is necessary because policy entropy985

tends to rapidly decrease and then stabilize in the986

initial training phase; focusing on the early steps987

allows us to capture optimization signals more ob-988

viously before the policy distribution approaches a989

relatively deterministic state.990

C Experimental Settings for Entropy991

Analysis (Section 3)992

This section details the experimental setup used to993

examine the impact of entropy dynamics on reason-994

ing performance. All RL experiments are imple-995

mented using the verl (Sheng et al., 2025) frame-996

work on a single node equipped with 4 × NVIDIA997

H100 GPUs.998

We conduct ablation studies on two base mod-999

els: Qwen2.5-Math-1.5B (Yang et al., 2024) and1000

Qwen3-4B (Yang et al., 2025a). For Qwen3-4B,1001

we specifically utilize its non-thinking mode for1002

training. The models are trained on the MATH1003

dataset (Hendrycks et al., 2021), which contains1004

7,500 problems spanning diverse mathematical ar-1005

eas and difficulty levels.1006

We employ the AdamW optimizer with a learn-1007

ing rate of 2×10−6 for both models. Following Yu1008

et al., 2025, we apply token-level loss aggregation1009

for all settings. For each query, the policy generates1010

G = 8 rollouts. Regarding model-specific configu-1011

rations, the Qwen2.5-Math-1.5B experiments use a1012

global batch size of 512, a mini-batch size of 128,1013

and a maximum response length of 2,560 tokens.1014

Conversely, the Qwen3-4B experiments utilize a1015

global batch size of 128, a mini-batch size of 64,1016

and a maximum response length of 4,096 tokens.1017

To monitor performance, we report the Avg. Val1018

Acc, calculated as the mean accuracy across five1019

mathematical reasoning benchmarks: AIME 2024,1020

AIME 2025, MATH-500 (Lightman et al., 2023),1021

AMC 2023 and OlympiadBench (He et al., 2024).1022

Validation is performed every 10 training steps and1023

the temperature is set to 0 to ensure the fast and reli-1024

able evaluation of model capabilities. To clearly vi-1025

sualize training trends, we apply Exponential Mov-1026

ing Average (EMA) smoothing with a factor of 0.71027

to all validation accuracy curves.1028

D Implementation Details for Flipped 1029

Advantage Curves 1030

To investigate the necessity of the proposed 1031

reweighting strategy, we construct flipped ver- 1032

sions of the advantage curves to reverse the orig- 1033

inal reweighting trends. Mathematically, this 1034

is achieved by reflecting the advantage function 1035

around p = 0.5, such that Ã(p) = A(1− p). 1036

However, this reflection introduces numerical 1037

singularities at the boundaries. To handle these 1038

cases for a group size of G, we employ a linear 1039

extension strategy that extrapolates the trend from 1040

the penultimate feasible data points. 1041

Positive Advantage Boundary (p → 1). For 1042

positive samples (visualized as the EntDecrease 1043

curve in Fig. 1(a)), the flipped function is valid up 1044

to p = G−1
G . We replace the curve segment on 1045

the interval [G−1
G , 1] with a linear function connect- 1046

ing the last valid point to an extrapolated boundary 1047

value. Specifically, we define the boundary value 1048

V end
pos at p = 1 by replicating the advantage incre- 1049

ment from the previous step: 1050

V end
pos ≜ Ãpos

(
G−1
G

)
+
[
Ãpos

(
G−1
G

)
− Ãpos

(
G−2
G

)]
.

(15) 1051

Negative Advantage Boundary (p → 0). Simi- 1052

larly, for negative samples (visualized as the EntIn- 1053

crease curve in Fig. 1(b)), the flipped function im- 1054

plies a singularity at p = 0. We linearly extend 1055

the curve on the interval [0, 1
G ] based on the slope 1056

between p = 2
G and p = 1

G . The boundary value 1057

V end
neg at p = 0 is derived as: 1058

V end
neg ≜ Ãneg

(
1
G

)
−
[
Ãneg

(
2
G

)
− Ãneg

(
1
G

)]
.

(16) 1059

Summary of Piecewise Formulation. Combin- 1060

ing the reflected core and the boundary extensions, 1061

the final flipped advantage functions are defined as: 1062

Ãpos(p) =

A
(β)
pos(1− p) if 0 < p ≤ G−1

G ,

Linear
(
p; G−1

G , 1
)

if G−1
G < p ≤ 1,

(17) 1063

Ãneg(p) =

Linear
(
p; 0, 1

G

)
if 0 ≤ p < 1

G ,

A
(β)
neg(1− p) if 1

G ≤ p < 1,
(18) 1064

where Linear(p; a, b) represents the linear interpo- 1065

lation function connecting the derived boundary 1066

values at the interval endpoints a and b. 1067
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Figure 5: Extended Training Dynamics and Performance Metrics. (a) Evolution of the Training Reward. (b)–(f)
Validation accuracy trajectories on individual mathematical reasoning benchmarks (MATH-500, AIME24, AIME25,
AMC23, and Olympiad). (g) The proportion of prompts yielding exclusively correct responses. (h) The proportion
of prompts yielding exclusively incorrect responses.

E Experimental Settings and1068

Hyperparameter Choices for Main1069

Results (Section 4)1070

The experimental configuration for our main re-1071

sults largely aligns with the setup described in1072

Appendix C, utilizing the verl framework on a1073

node equipped with 4 × NVIDIA H100 GPUs. In1074

this section, we focus exclusively on training the1075

Qwen3-4B model. MATH-500 serves as the vali-1076

dation set: for each run, we select the checkpoint1077

achieving the highest validation accuracy and eval-1078

uate it on all mathematical reasoning benchmarks.1079

We compare our proposed method against a1080

comprehensive set of baselines, including standard1081

GRPO (Guo et al., 2025), GRPO with Entropy1082

Regularization, GRPO with Clip-higher (Yu et al.,1083

2025), GRPO with Entropy Advantage (Cheng1084

et al., 2025), Dr.GRPO (Liu et al., 2025), and1085

Pass@K Training (Chen et al., 2025). Regard-1086

ing specific hyperparameters for the baseline vari-1087

ants, we set the coefficient for Entropy Regular-1088

ization to 0.001, the upper clipping threshold for1089

Clip-higher to ϵhigh = 0.28, K = 5 for Pass@K1090

Training, and the scaling factor for Entropy Ad-1091

vantage to κ = 2, α = 0.4. For our proposed1092

AsymGRPO configurations, we utilize βpos = 0.91093

and βneg = 0.4 for the standard setting. In the sym-1094

metric ablation (βpos = βneg), both coefficients are1095

set to 0.7. When integrating with Clip-higher, we1096

decrease βneg to 0.3 while maintaining βpos = 0.91097

and using ϵhigh = 0.28.1098

F Supplementary Experimental Results 1099

Figure 5 illustrates the additional training dynam- 1100

ics, providing a detailed view of the training reward, 1101

per-dataset validation accuracy, and the evolution 1102

of prompt response distributions (perfect vs. zero 1103

rates) throughout the training process. 1104

G Information About Use of AI Assistants 1105

The use of AI assistants in this work was limited 1106

to grammatical polishing and the correction of ty- 1107

pographical errors. The original draft was entirely 1108

written by the authors, and all AI-suggested modi- 1109

fications were rigorously verified by the authors to 1110

ensure accuracy and intent. 1111

H Licenses 1112

Qwen3 (Yang et al., 2025a) and Qwen2.5- 1113

Math (Yang et al., 2024) are distributed un- 1114

der the Apache License 2.0. The MATH 1115

dataset (Hendrycks et al., 2021) and its subset 1116

MATH-500 (Lightman et al., 2023) are released 1117

under the MIT license. The OlympiadBench 1118

dataset (He et al., 2024) is released under the Cre- 1119

ative Commons Attribution-NonCommercial 4.0 1120

(CC BY-NC 4.0) license. The AIME and AMC 1121

datasets are utilized strictly for academic research 1122

and evaluation purposes. All resources are used in 1123

accordance with their respective licensing terms. 1124
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