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Abstract001

Reinforcement learning with verifiable rewards002
(RLVR) has become an effective paradigm for003
improving the reasoning ability of large lan-004
guage models. However, widely used RLVR005
algorithms, such as GRPO, often suffer from006
entropy collapse, leading to premature deter-007
minism and unstable optimization. Existing008
remedies, including entropy regularization and009
ratio-based clipping heuristics, either control010
entropy in a coarse-grained manner or rely on011
approximate on-policy training. In this paper,012
we revisit entropy collapse from a token-level013
entropy flow perspective. Our analysis reveals014
that entropy-decreasing tokens consistently out-015
weigh entropy-increasing ones, resulting in a016
severely imbalanced entropy flow. This per-017
spective provides a unified explanation of en-018
tropy collapse in existing RLVR algorithms019
and highlights the importance of balancing en-020
tropy dynamics. Motivated by this analysis,021
we propose On-Policy Entropy Flow Optimiza-022
tion (OPEFO), an adaptive entropy flow balanc-023
ing mechanism that rescales entropy-increasing024
and entropy-decreasing updates according to025
their contributions to entropy change, while re-026
maining strict on-policy. Experiments on six027
mathematical reasoning benchmarks demon-028
strate that OPEFO improves training stability029
and final performance. We will release the code030
and models upon publication.031

1 Introduction032

Reinforcement Learning with Verifiable Rewards033

(RLVR) has emerged as an effective paradigm to034

advance reasoning capabilities in Large Language035

Models (LLMs, Lambert et al., 2024; Jaech et al.,036

2024; Guo et al., 2025; Yang et al., 2025a; Team037

et al., 2025). RLVR optimizes LLMs outputs via038

RL objectives guided by automated verifiable re-039

ward signals. However, recent RLVR algorithms,040

such as Proximal Policy Optimization (PPO, Schul-041

man et al., 2017) and Group Relative Policy Opti-042

mization (GRPO, Shao et al., 2024), often suffer043
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Figure 1: Entropy control mechanisms from the entropy
flow perspective. GRPO suffers from imbalanced en-
tropy flow. Entropy regularization increases entropy by
adding an explicit entropy bonus; Clip-higher preserves
more entropy-increasing tokens via relaxing the upper
clipping bound. Differently, our OPEFO adaptively bal-
ances entropy flow via an adaptive scaling mechanism.

from Entropy Collapse: policy entropy drops in 044

the early stage of training and continues to decline 045

towards near zero. This indicates the policy be- 046

comes prematurely deterministic, limiting policy 047

exploration and thus hindering LLMs’ reasoning 048

capabilities (Cui et al., 2025; Hao et al., 2025b). 049

Recent approaches to mitigating entropy col- 050

lapse fall into two categories, each with notable 051

limitations, as shown in Figure 1. The first adopts 052

entropy regularization, which introduces an ex- 053

plicit entropy bonus to encourage higher policy 054

entropy (Mnih et al., 2016; Haarnoja et al., 2018). 055

But this approach indiscriminately increases en- 056

tropy and may cause excessive entropy growth 057

in later training stages (Shen, 2025; Cheng et al., 058

2025). Besides, the entropy term is optimized in- 059

dependently of the policy-gradient objective, so it 060

may dominate the advantage signal, leading to un- 061

stable updates and degraded performance (Zhang 062

et al., 2025; Liu et al., 2025). The second category 063

employs ratio- or clipping-based heuristics (Yu 064

et al., 2025; Yang et al., 2025b). For instance, Clip- 065
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higher (Yu et al., 2025) relaxes the upper clipping066

bound of the importance sampling ratio to preserve067

more entropy-increasing tokens. But they are only068

approximately on-policy due to their reliance on069

an outdated reference policy, making them theoret-070

ically less grounded than strict on-policy optimiza-071

tion (Baird et al., 1995; Sutton et al., 1999; Hao072

et al., 2025a; Zheng et al., 2025).073

In this paper, we address these challenges from074

a novel perspective. We revisit entropy collapse075

through the lens of entropy flow: how entropy-076

increasing and entropy-decreasing token-level up-077

dates jointly shape overall entropy dynamics dur-078

ing training. Our analysis reveals that entropy-079

decreasing tokens dominate the early training080

phase, resulting in a severely imbalanced entropy081

flow with a strongly negative net entropy change.082

This imbalance provides a unified explanation for083

entropy collapse in existing RLVR algorithms.084

To mitigate this imbalance issue, we propose On-085

Policy Entropy Flow Optimization (OPEFO).086

OPEFO introduces an adaptive entropy flow balanc-087

ing mechanism that rescales the entropy-increasing088

and entropy-decreasing updates based on their re-089

spective contributions to entropy change. As such,090

our OPEFO adaptively balances the entropy flow091

and thus stabilizes policy entropy, as illustrated092

in Figure 1. Moreover, it remains strict on-policy093

since it avoids relying on reference policies as pre-094

vious methods. Empirical results demonstrate that095

OPEFO achieves best performance across two base096

models and six challenging mathematical reason-097

ing benchmarks. More importantly, it maintains the098

most stable entropy dynamics among strong base-099

lines. Overall, we summarize our contributions as100

follows:101

• From an entropy flow perspective, we conduct102

a token-level analysis of entropy dynamics and103

show that entropy collapse can be interpreted104

as an imbalance between entropy-increasing and105

entropy-decreasing updates.106

• We propose OPEFO, a strict on-policy entropy107

flow balancing mechanism that rescales entropy-108

increasing and entropy-decreasing token-level109

updates to stabilize policy entropy.110

• We demonstrate through extensive experiments111

on mathematical reasoning benchmarks that112

OPEFO consistently improves training stabil-113

ity and final performance compared to existing114

RLVR methods.115

2 Related Work 116

Reinforcement Learning with Verifiable Rewards 117

(RLVR, Lambert et al., 2024) has recently emerged 118

as an effective fine-tuning paradigm for large 119

language models, achieving notable success in 120

reasoning-intensive domains such as mathematics 121

and programming (Shao et al., 2024; Guo et al., 122

2025; Yang et al., 2025a). Its core idea is to replace 123

human feedback with automatically verifiable, ob- 124

jective criteria as reinforcement learning rewards, 125

thereby avoiding the cost and complexity of train- 126

ing human preference models. OpenAI o1 (Ope- 127

nAI, 2024) is among the first large-scale deploy- 128

ments of this paradigm, demonstrating substantial 129

performance gains on mathematical competition 130

problems and code generation benchmarks. Fol- 131

lowing this line of work, several subsequent mod- 132

els—including DeepSeek-R1 (Guo et al., 2025), 133

Kimi-1.5 (Team et al., 2025), and Qwen-2.5 (Yang 134

et al., 2024)—have reported matched or improved 135

results on similar reasoning benchmarks. Overall, 136

RLVR has shown clear advantages over prior ap- 137

proaches based solely on supervised fine-tuning for 138

reasoning tasks. 139

These methods typically adopt GRPO-style train- 140

ing, yet empirical studies consistently report the 141

emergence of entropy collapse during optimiza- 142

tion, where the policy’s entropy rapidly diminishes 143

as training progresses. Early approaches draw on 144

classical entropy regularization, introducing en- 145

tropy bonuses or KL penalties to stabilize opti- 146

mization (Mnih et al., 2016; Haarnoja et al., 2018). 147

However, recent studies show that such techniques 148

are highly sensitive to coefficient tuning in LLM 149

and may even mislead optimization at critical states, 150

yielding only coarse-grained effects on entropy con- 151

trol (Cui et al., 2025; Shen, 2025). 152

More recent efforts attempt to mitigate entropy 153

collapse by modifying key components of pol- 154

icy optimization, including asymmetric or adap- 155

tive ratio clipping (Yu et al., 2025; Yang et al., 156

2025b), selective optimization over high-entropy 157

tokens (Wang et al., 2025b), or balancing pos- 158

itive and negative samples (Zhu et al., 2025). 159

Other methods introduce entropy-aware advan- 160

tages or auxiliary objectives to encourage explo- 161

ration (Cheng et al., 2025; Tan et al., 2025; Wang 162

et al., 2025b,a; Deng et al., 2025). In this work, we 163

adopt a token-level perspective to analyze entropy 164

change and entropy flow, and study how these dy- 165

namics evolve under strict on-policy optimization. 166
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3 Preliminaries167

In this section, we introduce the preliminaries of168

RLVR and policy entropy of LLMs.169

3.1 RLVR Algorithms170

We consider reinforcement learning from verifiable171

rewards, where a policy model πθ autoregressively172

generates a token sequence y given a prompt x.173

The objective is to maximize the expected reward174

received from a verifier:175

J (θ) = Ex∼D, y∼πθ(·|x)
[
r(x, y)

]
(1)176

where D denotes the training data. Following the177

policy gradient theorem (Williams, 1992), the gra-178

dient of this objective can be estimated as:179

∇θJ (θ) = Ex∼D, y∼πθ(·|x)

 |y|∑
t=1

∇θ log πθ(yt|x, y<t) ·At


(2)180

where At denotes the estimated advantage of token181

yt. To avoid training an additional value network,182

recent algorithms such as GRPO (Shao et al., 2024)183

estimate token-level advantages via group-wise nor-184

malization:185

At =
r(y)−mean

(
r(y1:K)

)
std(r(y1:K))

(3)186

where r(y1:K) denotes the rewards of K rollouts187

sampled for the same prompt. All tokens within188

the same response share the same normalized ad-189

vantage value.190

3.2 Policy Entropy of LLMs191

For an autoregressive language model πθ, uncer-192

tainty at each decoding step is characterized by the193

entropy of the next-token distribution. Given a state194

st = (x, y<t), where a denotes a candidate next195

token sampled from the vocabulary, the token-level196

entropy Ht is defined as:197

Ht = −Ea∼πθ(·|st) [log πθ(a|st)] (4)198

A smaller Ht indicates higher confidence, while a199

larger value reflects greater uncertainty or explo-200

ration.201

To capture uncertainty over an entire response202

and dataset D, the policy entropy is defined as the203

average token entropy:204

H(πθ,D) = Ex∼D,y∼πθ(·|x)

 1

|y|

|y|∑
t=1

Ht

 (5)205

While Ht captures local uncertainty at individual 206

decoding steps, H(πθ,D) provides a global sum- 207

mary of the policy’s exploration level. 208

3.3 Token-Level Entropy Change 209

While token entropy measures the model’s uncer- 210

tainty at each decoding step, entropy collapse is 211

driven by how entropy changes during policy up- 212

dates. Following prior works (Hao et al., 2025b; 213

Cui et al., 2025), we therefore analyze training 214

dynamics through token-level entropy change, de- 215

composing the overall entropy evolution into lo- 216

cal changes at individual decoding steps. Directly 217

computing the exact entropy change for large au- 218

toregressive models is intractable, due to complex 219

dependencies across tokens. As a result, exist- 220

ing works commonly adopt a simplified tabular- 221

softmax assumption, where each token’s logit is 222

treated as conditionally independent. 223

Assumption 1 (Parameter-independent softmax). 224

Assume the policy πθ is a tabular softmax policy, 225

where each state-action pair (s, a) is associated 226

with an individual logit parameter zs,a(θ) = θs,a. 227

Theorem 1 (First-order entropy change). Under 228

Assumption 1, the change of conditional entropy 229

between two update steps is defined as ∆Ht ≜ 230

H(πk+1
θ | st) − H(πk

θ | st). Then the first-order 231

estimation of ∆Ht is: 232

∆Ht =− η Ea∼πk
θ (·|st)

[
At(1− πk

θ (a | st))2

(log πk
θ (a | st) +H(πk

θ | st))
] (6) 233

where η is the learning rate, and k indexes the 234

policy update step. 235

This expression is derived from the first-order 236

entropy change analysis introduced in Hao et al. 237

(2025b), utilizing a Taylor expansion of the con- 238

ditional entropy around the current policy logits. 239

Compared to prior formulations based on impor- 240

tance ratios, we present the expression under the 241

strict on-policy setting, where expectations are 242

taken with respect to the current policy πk
θ without 243

reference policies or importance ratios. 244

We adopt ∆Ht as a diagnostic quantity rather 245

than a learning objective. Prior work shows that 246

this first-order approximation closely tracks the ex- 247

act entropy change in practice, justifying its use for 248

analyzing training dynamics (Hao et al., 2025b). In 249

our setting, it enables a token-level decomposition 250

of entropy evolution, which we leverage to iden- 251

tify entropy imbalance and motivate our on-policy 252

entropy flow balancing mechanism. 253
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Figure 2: Empirical analysis of entropy dynamics in GRPO and Clip-higher. (a) Policy entropy over training steps
for GRPO and its variant. (b) Net ∆Ht per update step for GRPO and its variant. (c) Sum of ∆Ht of upper- and
lower-clipped tokens under Clip-higher.

4 Empirical Observations254

In this section, we investigate how entropy evolves255

during RLVR training from an entropy flow per-256

spective. We examine GRPO and its strict on-257

policy variant. GRPO performs 8 updates per batch,258

whereas the strict on-policy setting performs only259

one update per batch. In addition, we analyze Clip-260

higher as a representative clipping-based heuristic261

to understand, through token-level entropy change,262

why such methods can alleviate entropy collapse.263

All experiments are conducted using Qwen-2.5-264

Math-7B (Yang et al., 2024) as the base model,265

trained on DAPO-17k (Yu et al., 2025).266

Entropy collapse under GRPO. Figure 2 (a)267

plots the evolution of policy entropy for GRPO268

and its strict on-policy variant. Both curves exhibit269

highly similar dynamics: starting at an entropy of270

approximately 0.25, dropping sharply within the271

first 50 training steps, and rapidly converging to272

nearly zero. This observation shows that entropy273

collapse is a common phenomenon in GRPO train-274

ing, and motivates the need for a mechanism that275

can stabilize entropy dynamics.276

Token-level entropy change in GRPO. We com-277

pute the aggregate token-level entropy change278 ∑
t∆Ht at each training step, based on the Eq. 6.279

Figure 2 (b) shows that this quantity is strongly280

negative during the first 50 steps, indicating that dy-281

namics consistently bias entropy downward. This282

behavior directly explains the sharp entropy drop283

observed in Figure 2(a). As training proceeds, the284

net entropy change approaches zero, coinciding285

with the stabilization of policy entropy. Together,286

these observations indicate that the evolution of287

policy entropy is driven by the cumulative token-288

level entropy changes, highlighting the importance289

of stabilizing this quantity throughout training.290

Clipping behavior of Clip-higher. Since Clip- 291

higher has demonstrated strong empirical effective- 292

ness in alleviating entropy collapse, we analyze it 293

as a representative clipping-based heuristic to un- 294

derstand its behavior from a token-level entropy 295

flow perspective. For each training step, we com- 296

pute the total ∆Ht contributed by tokens clipped at 297

the upper and lower bounds, respectively. Figure 2 298

(c) reveals a clear pattern: tokens clipped at the up- 299

per bound tend to exhibit positive entropy change 300

(∆Ht > 0), whereas those clipped at the lower 301

bound typically exhibit negative entropy change 302

(∆Ht < 0). This pattern provides a mechanistic 303

explanation for the effectiveness of Clip-higher: by 304

relaxing the upper bound, it selectively preserves 305

entropy-increasing updates, thereby partially coun- 306

teracting entropy collapse. However, as this effect 307

relies on importance-ratio clipping, it is fundamen- 308

tally incompatible with strict on-policy training. 309

Summary. These observations suggest that en- 310

tropy collapse in RLVR can be interpreted from 311

an entropy flow perspective, where entropy- 312

decreasing updates consistently outweigh entropy- 313

increasing ones, leading to a strongly negative net 314

entropy change. Since clipping-based heuristics 315

such as Clip-higher rely on importance-ratio clip- 316

ping, they are incompatible with strict on-policy 317

training, motivating the need for a direct mech- 318

anism to stabilize entropy dynamics under strict 319

on-policy optimization. 320

5 On-Policy Entropy Flow Optimization 321

To address the imbalanced entropy flow observed 322

in Section 4, we propose On-Policy Entropy Flow 323

Optimization (OPEFO), a mechanism designed for 324

stabilizing entropy dynamics under strict on-policy 325

RLVR training. 326
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5.1 Entropy Flow Decomposition327

To formalize the entropy flow, we decompose328

entropy evolution into token-level contributions329

within each policy update. For each generated330

token yt, we estimate the corresponding entropy331

change ∆Ht (Eq. 6) induced by a policy-gradient332

update. Using the sign of ∆Ht, we partition the333

token-level updates within a batch into two sets:334

• Entropy-increasing set (S+): Tokens with335

∆Ht > 0, corresponding to updates that broaden336

the model’s predictive distribution.337

• Entropy-decreasing set (S−): Tokens with338

∆Ht < 0, corresponding to updates that sharpen339

the distribution.340

As observed in Section 4, GRPO-style training341

exhibits a pronounced imbalance in entropy flow,342

where entropy-decreasing updates consistently out-343

weigh entropy-increasing ones across training344

steps,
∑

t∈S− |∆Ht| >
∑

t∈S+ ∆Ht. As this im-345

balance persists across updates, the policy entropy346

progressively collapses.347

5.2 Balanced On-Policy Objective348

To stabilize entropy dynamics under strict on-349

policy RLVR training, we introduce a reweighted350

on-policy gradient objective that rescales updates351

from the two token sets via a balancing coefficient352

λ:353

∇θJOPEFO(θ) = Ex∼D, y∼πθ(·|x)[
(1 + λ)

∑
t∈S+

∇θ log πθ(yt|x, y<t) ·At

+ (1− λ)
∑
t∈S−

∇θ log πθ(yt|x, y<t) ·At

]
(7)354

where λ ∈ (−1, 1) controls the balance be-355

tween entropy-increasing and entropy-decreasing356

updates.357

This objective offers two practical advantages.358

First, it is fully compatible with strict on-policy359

training, as it does not rely on importance sampling360

ratios or reference policies. Second, by only rescal-361

ing gradient components, it preserves the original362

optimization direction without introducing auxil-363

iary entropy bonuses.364

5.3 Adaptive Entropy Flow Scaling365

The remaining question is how to determine an366

appropriate value of λ, which we compute adap-367

tively from batch-level entropy statistics. Specif- 368

ically, we adopt zero entropy flow as a local sta- 369

bilizing criterion at the batch level. This criterion 370

is motivated by the observation that entropy col- 371

lapse arises when entropy-decreasing updates con- 372

sistently outweigh entropy-increasing ones. By 373

enforcing a balance between these two opposing 374

forces, we establish a condition for stabilizing en- 375

tropy dynamics without external intervention. For- 376

mally, we seek a value of λ such that: 377

∑
t∈S+

(1 + λ)∆Ht +
∑
t∈S−

(1− λ)∆Ht ≈ 0 (8) 378

Solving this constraint yields a unique solution: 379

λ∗ =

∑
t∈S− |∆Ht| −

∑
t∈S+ ∆Ht∑

t∈S− |∆Ht|+
∑

t∈S+ ∆Ht
(9) 380

This closed-form expression provides an adap- 381

tive entropy flow balancing coefficient computed 382

directly from the current batch. We do not claim 383

λ∗ to be globally optimal across tasks or training 384

stages; rather, it acts as a self-adjusting mechanism 385

that compensates for transient entropy imbalances. 386

5.4 Practical Implementation 387

OPEFO is straightforward to implement and re- 388

quires only minimal modification to standard on- 389

policy RLVR pipelines. Practically, implementing 390

OPEFO requires only a few lines of modification 391

to standard GRPO code: compute ∆Ht, group to- 392

kens by sign, compute λ∗ using Eq. 9, and reweight 393

gradients accordingly. This procedure is fully com- 394

patible with strict on-policy training and introduces 395

negligible computational overhead. Figure 3 shows 396

the implementation code of OPEFO. 397

def compute_opefo_loss(log_prob ,
advantages , delta_H , eps=1e-12, **
args):
pg_terms = - log_prob * advantages
S_pos = delta_H > 0
S_neg = delta_H < 0

pos_mag = delta_H[S_pos].sum()
neg_mag = delta_H[S_neg].abs().sum()

denom = (neg_mag + pos_mag).
clamp_min(eps)
lambda_s = (neg_mag - pos_mag) /
denom

pg_terms[S_pos] *= (1.0 + lambda_s)
pg_terms[S_neg] *= (1.0 - lambda_s)
return pg_terms.mean()

Figure 3: Implementation code of OPEFO loss.
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6 Experiments398

6.1 Experimental setup399

Training. Following prior work (Hao et al.,400

2025b; Cui et al., 2025), we use Qwen2.5-Math-401

7B (Yang et al., 2024) as the primary base model,402

and additionally include Qwen3-4B-Base (Yang403

et al., 2025a) to evaluate the generality of our404

method. The training codebase is adapted from405

Verl (Sheng et al., 2025). The training data is406

DAPO-17K (Yu et al., 2025), which contains high-407

quality reasoning trajectories annotated with verifi-408

able rewards.409

For rollout, the prompt batch size is set to 32,410

with a single gradient update performed per rollout411

step under the strict on-policy setting. We use the412

AdamW (Loshchilov and Hutter, 2017) optimizer413

with a constant learning rate of 2.83e-6 1, together414

with a linear warm-up over the first 10 rollout steps.415

The maximum response length is set to 3000 tokens416

for Qwen2.5-Math-7B-base and 8000 tokens for417

Qwen3-4B-base. All experiments are conducted418

on 32 A100 GPUs.419

Baselines. We compare OPEFO with several rep-420

resentative baselines. GRPO is used as the primary421

reference method, with both the upper and lower422

clipping bounds set to 0.2. Entropy regulariza-423

tion (Entropy-Reg) augments the objective with an424

explicit entropy regularization term, where the co-425

efficient is fixed to 0.01. Clip-higher relaxes the426

upper clipping bound to 0.28 while keeping the427

lower bound unchanged at 0.2, following the stan-428

dard configuration in prior work. In addition, Clip-429

Cov and KL-Cov are included, using the settings430

reported in Cui et al. (2025). Except for GRPO431

(strict on-policy), all baseline methods are trained432

using 8 gradient updates per batch with a learning433

rate of 1e-6.434

Evaluation. We evaluate models on six widely435

used mathematical reasoning benchmarks:436

AIME24, AIME25, AMC23 (Li et al., 2024),437

MATH500 (Hendrycks et al., 2021), Minerva438

Math (Lewkowycz et al., 2022), and Olympiad-439

Bench (He et al., 2024). Following prior work (Hao440

et al., 2025b), validation is performed with a top-p441

value of 0.7 and temperature 1.0 across all models442

and test sets. We report Avg@32 for AIME24 (30443

1Following common practice, the learning rate is scaled
proportionally to the square root of the effective batch size
increase (i.e.,

√
8) to maintain a comparable optimization

noise scale (Goyal et al., 2017; Smith and Le, 2017).

problems), AIME25 (30 problems), and AMC23 444

(40 problems) due to their smaller size, and report 445

Avg@1 for all other benchmarks. All evaluations 446

are zero-shot with no additional prompts. All 447

methods save a checkpoint every 10 steps, and 448

the checkpoint achieving the highest average 449

accuracy (Avg.) across benchmarks is selected for 450

evaluation. 451

6.2 Main results 452

Table 1 reports the results of two base models on six 453

mathematical reasoning benchmarks. We highlight 454

three key observations. 455

First, among a set of competitive baselines, 456

OPEFO achieves the best overall performance. On 457

Qwen2.5-Math-7B and Qwen3-Base-4B, OPEFO 458

attains average accuracies of 52.4% and 51.9%, re- 459

spectively, outperforming the second-best methods 460

by margins of 1.7% and 1.8%. These gains are 461

observed across models and datasets, indicating 462

that OPEFO improves reasoning ability in a robust 463

manner. 464

Second, comparing GRPO with its strict on- 465

policy variant reveals a clear and consistent empir- 466

ical advantage of the strict on-policy setting over 467

the approximate on-policy one. This provides em- 468

pirical support for the claim discussed earlier that 469

avoiding stale reference policies and distribution 470

shifts can improve policy optimization in RLVR. 471

However, strict on-policy GRPO alone, despite 472

achieving higher accuracy, does not prevent en- 473

tropy collapse, as shown in subsequent analyses. 474

Third, under the same strict on-policy setting, 475

OPEFO further improves performance over strict 476

on-policy GRPO by explicitly balancing entropy- 477

increasing and entropy-decreasing updates, yield- 478

ing average gains of 2.3% and 1.8% on Qwen2.5- 479

Math-7B and Qwen3-Base-4B, respectively. This 480

highlights the complementary role of entropy flow 481

balancing: while strict on-policy training provides 482

a cleaner optimization signal, OPEFO addresses 483

the remaining instability observed under strict on- 484

policy GRPO, and we observe additional perfor- 485

mance improvements under this stabilized entropy 486

dynamics. 487

6.3 Training Dynamics Analysis 488

In this section, we conduct an empirical analysis of 489

the training dynamics of Qwen2.5-Math-7B under 490

several representative training methods, examining 491

how these methods affect entropy, training reward, 492

and response length over training. 493
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Method AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Avg.

Qwen2.5-Math-7B 13.8 5.3 44.6 39.6 9.9 13.8 21.2
GRPO 26.7 13.0 69.8 80.3 37.1 46.1 45.5
GRPO (Strict on-policy) 32.6 15.4 81.8 83.5 38.9 48.1 50.1
Entropy-Reg 31.7 13.3 74.4 81.9 40.5 45.1 47.8
Clip-higher 30.5 17.4 78.5 83.5 39.7 49.4 49.8
Clip–Cov 32.2 18.5 77.9 85.1 40.3 50.2 50.7
KL–Cov 32.6 17.9 78.3 84.6 40.9 48.7 50.5

OPEFO 34.5 19.2 82.2 85.3 41.6 51.8 52.4

Qwen3-Base-4B 9.7 8.8 51.1 75.4 33.1 40.5 36.4
GRPO 19.4 17.3 66.1 80.6 36.3 49.4 44.8
GRPO (Strict on-policy) 26.2 22.3 71.5 86.3 38.9 55.7 50.1
Entropy-Reg 22.7 20.8 70.9 83.4 37.1 53.3 48.0
Clip-higher 23.5 21.7 70.3 84.8 39.2 55.3 49.1
Clip–Cov 24.2 23.1 71.9 85.7 39.7 56.9 48.9
KL–Cov 24.7 22.4 72.3 86.1 40.3 55.8 49.2

OPEFO 27.7 24.8 73.1 87.5 41.2 57.4 51.9

Table 1: Main results on mathematical reasoning benchmarks. All results are presented as percentages. The best are
in bold.
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Figure 4: Training dynamics under different methods: (a) policy entropy, (b) training reward, and (c) response
length.

Overall Entropy. As shown on the Figure 4 (a),494

both standard GRPO and its strict on-policy variant495

exhibit a rapid collapse of policy entropy during496

training. While strict on-policy GRPO achieves497

higher accuracy than the standard setting (Table 1),498

it does not inherently prevent entropy collapse.499

In contrast, entropy regularization leads to uncon-500

trolled entropy growth in later training stages (af-501

ter approximately 400 steps), whereas Clip-higher502

partially mitigates collapse but still suffers from503

noticeable oscillations. By comparison, OPEFO504

maintains a smooth and stable entropy trajectory,505

avoiding both premature determinism and uncon-506

trolled entropy inflation.507

Training Reward. Figure 4 (b) shows steady508

upward trends across all methods. Among them,509

GRPO and its strict on-policy variant achieve the510

highest training reward while also exhibiting the511

lowest policy entropy. When interpreted together 512

with the entropy curves, this pattern is consistent 513

with premature exploitation of a limited set of high- 514

reward answer patterns, rather than sustained ex- 515

ploration throughout training. A more desirable 516

objective is to improve training performance while 517

maintaining sufficient entropy to preserve diversity 518

in the learned policy. OPEFO follows this direction 519

by stabilizing entropy while still achieving compet- 520

itive reward growth. 521

Response Length. Figure 4 (c) shows the evo- 522

lution of response length during training. For 523

GRPO and its on-policy variant, the response 524

length quickly saturates and stops increasing af- 525

ter around 200 steps, while Clip-higher stabilizes 526

at a later stage, around 300 steps. Entropy regular- 527

ization exhibits a sharp increase in response length 528

after around 400 steps, coinciding with the surge 529

7



Method AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Avg.

GRPO (Strict on-policy) 26.7 13.0 69.8 80.3 37.1 46.1 45.5
Static Scaling 30.0 16.5 81.0 83.8 38.0 49.5 49.8
One-side (S+ only) 32.8 18.2 83.1 84.2 38.7 47.5 50.8
One-side (S− only) 32.3 16.3 83.6 83.9 38.3 47.2 50.3
OPEFO 34.5 19.2 82.2 85.3 41.6 51.8 52.4

Table 2: Ablation of balancing coefficient λ∗ on Qwen2.5-Math-7B. GRPO (Strict on-policy) corresponds to
λ∗ = 0. “Static Scaling” uses a fixed λ∗ = 0.001. “One-side (S+ only)” and “One-side (S− only)” apply λ∗ to
entropy-increasing and entropy-decreasing updates, respectively. OPEFO applies λ∗ to both sides.

in policy entropy observed in Figure 4 (a), indicat-530

ing that the model begins to generate longer but531

increasingly unconstrained responses. In contrast,532

OPEFO continues to produce longer and controlled533

responses throughout training. We do not claim534

longer responses are inherently better; rather, un-535

der the verifiable-reward setting, response length536

serves as a behavioral indicator of whether the537

model continues to explore more intermediate rea-538

soning paths.539

6.4 Analysis of the Balancing Coefficient λ∗540

We analyze the role of the balancing coefficient541

λ∗ on Qwen2.5-Math-7B, examining both differ-542

ent balancing strategies and the behavior of the543

analytically derived λ∗ during training.544

Ablation on λ∗. OPEFO adaptively reweights up-545

dates by amplifying entropy-increasing updates in546

S+ and attenuating entropy-decreasing updates in547

S− using a dynamically computed λ∗ (Eq. 9). We548

first compare OPEFO against a static scaling base-549

line with a fixed λ = 0.001, chosen as the average550

value of λ∗ observed over the course of training. As551

shown in Table 2, static scaling yields moderate im-552

provements over strict on-policy GRPO (λ∗ = 0),553

but consistently underperforms OPEFO, highlight-554

ing the importance of dynamically adjusting λ∗.555

We further consider two one-sided variants that556

apply λ∗ only to entropy-increasing updates (S+557

only) or only to entropy-decreasing updates (S−558

only). Both variants outperform strict on-policy559

GRPO, but remain consistently inferior to full560

OPEFO, suggesting that jointly balancing leads561

to better overall performance.562

Dynamics of λ∗. Beyond ablations on balancing563

strategies, we further examine how the balancing564

coefficient λ∗ evolves during training. As shown in565

Figure 5, λ∗ exhibits a non-stationary pattern over566

training. Overall, λ∗ remains positive throughout567

training, indicating a persistent need to encourage568
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Figure 5: Evolution of the balancing coefficient λ∗ over
training steps.

entropy-increasing updates to counteract entropy 569

collapse. We observe that λ∗ first decreases in the 570

early stage and then gradually increases later in 571

training, reflecting different entropy balancing de- 572

mands across training phases. Taken together, λ∗ 573

displays bounded oscillations rather than converg- 574

ing to a fixed value, reflecting an adaptive balancing 575

mechanism that adjusts to non-stationary entropy 576

flow during training. 577

7 Conclusion 578

We proposed On-Policy Entropy Flow Optimiza- 579

tion (OPEFO), a strict on-policy mechanism for sta- 580

bilizing entropy dynamics in RLVR training. By an- 581

alyzing entropy collapse from a token-level entropy 582

flow perspective, we showed that it arises from a 583

persistent imbalance between entropy-increasing 584

and entropy-decreasing updates. OPEFO directly 585

addresses this issue by balancing the two opposing 586

entropy flows without relying on reference policies 587

or heuristic entropy regularization. Experiments on 588

six mathematical reasoning benchmarks across two 589

base models demonstrate that OPEFO consistently 590

improves training stability and final performance 591

over strong RLVR baselines. These results suggest 592

entropy flow balancing as a simple and effective 593

principle for stabilizing reasoning-oriented rein- 594

forcement learning. 595
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Limitations596

Our method offers a principled and interpretable en-597

tropy flow perspective for stabilizing RLVR train-598

ing under a strict on-policy setting, and demon-599

strates strong empirical performance across rea-600

soning benchmarks. We nevertheless note several601

limitations.602

First, our analysis relies on a first-order approxi-603

mation of token-level entropy change under a sim-604

plified softmax assumption, which captures domi-605

nant entropy trends but abstracts away higher-order606

interactions in large transformer models.607

Second, the proposed entropy flow balancing608

mechanism operates as a local, batch-level stabi-609

lizer, where the zero entropy flow criterion serves610

as a sufficient condition rather than a globally op-611

timal objective, and entropy flow behaviors may612

vary across tasks.613

Finally, our evaluation focuses on strict on-614

policy RLVR for mathematical reasoning. While615

OPEFO is conceptually applicable to other do-616

mains and reward structures, a systematic study617

under dense rewards or more complex credit as-618

signment settings is left for future work.619

We view these limitations not as fundamental620

constraints of the proposed method, but as oppor-621

tunities for extending and refining entropy-aware622

optimization methods in future RLVR systems.623
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A Theorem Proof Details 808

The following derivation is adapted from prior work (Hao et al., 2025b) and is included for reference and 809

completeness. 810

Theorem 1 (First-order entropy change). Under Assumption 1, the change of conditional entropy 811

between two update steps is defined as ∆Ht ≜ H(πk+1
θ | st) − H(πk

θ | st). Then the first-order 812

estimation of ∆Ht is: 813

∆Ht = −η Ea∼πk
θ (·|st)

[
At(1− πk

θ (a | st))2(log πk
θ (a | st) +H(πk

θ | st))
]

(10) 814

where η is the learning rate, and k indexes the policy update step. Note that compared to the formulation 815

in Hao et al. (2025b), Eq. 10 is specialized to the strict on-policy setting: the weight term wt (defined 816

there as wt = IcliprtAt) reduces to the plain advantage At since no importance ratio or clipping is used in 817

our updates. 818

Proof. The proof is similar to that of (Liu, 2025). Taking the first-order Taylor expansion, we have 819

∆Ht ≜ H(πk+1
θ | st)−H(πk

θ | st) ≈ ⟨∇θH(πk
θ | st), zk+1 − zk⟩ 820

Since we have the log trick Ea∼πθ(·|s)[∇θ log πθ(a | s)] = 0, the gradient term can be derived as 821

∇θH(πθ | s) = ∇θH(πθ(· | s))
= ∇θ

(
−Ea∼πθ(·|s)[log πθ(a | s)]

)
= −Ea∼πθ(·|s)[∇θ log πθ(a | s) + log πθ(a | s)∇θ log πθ(a | s)]
= −Ea∼πθ(·|s)[log πθ(a | s)∇θ log πθ(a | s)].

822

Then we have 823

∆Ht = ⟨∇θH(θk | st), (zk+1 − zk)⟩

= −
〈
Ea∼πk

θ (·|st)
[log πθ(a | st)∇θ log πθ(a | st)], θk+1 − θk

〉
= −Ea∼πk

θ (·|st)

[
log πθ(a | st)⟨∇θ log πθ(a | st), θk+1 − θk⟩

]
= −Ea∼πk

θ (·|st)

[
log πθ(a | st)

∑
a′∈A

∂ log πθ(a | st)
∂θst,a′

(θk+1
st,a′

− θkst,a′)

]

= −Ea∼πk
θ (·|st)

[
log πθ(a | st)

∑
a′∈A

(1{a = a′} − π(a′ | st))(θk+1
st,a′

− θkst,a′)

]
= −Ea∼πk

θ (·|st)

[(
log πθ(a | st)− Eã∼πk

θ (·|st)
log πθ(ã | st)

)
(
θk+1
st,a − θkst,a − Ea′∼πk

θ (·|st)
(θk+1

st,a′
− θkst,a′)

)]
= −Ea∼πk

θ (·|s)

[
[log πk

θ (a | s) +H(· | s)]
[
(1− πk

θ (a | s))(zk+1
st,a − zkst,a)

]]
= −Ea∼πk

θ (·|s)

[
[log πk

θ (a | s) +H(· | s)]
[
w(s | a)(1− πk

θ (a | s))2
]]

,

824

where w(s | a) is the weight in the policy gradient. □ 825
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B Detailed Information For Test Dataset826

Test Datasets #Questions Level

AIME24 30 Olympiad
AIME25 30 Olympiad
AMC23 40 Intermediate
MATH500 500 Advanced
Minerva 272 Graduate
OlympiadBench 675 Olympiad

Table 3: Dataset statistics.
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