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Abstract

Reasoning ability has become a defining ca-001
pability of Large Language Models (LLMs),002
with Reinforcement Learning with Verifiable003
Rewards (RLVR) emerging as a key paradigm004
to enhance it. However, RLVR training often005
suffers from policy entropy collapse, where006
the policy becomes overly deterministic, hin-007
dering exploration and limiting reasoning per-008
formance. While entropy regularization is a009
common remedy, its effectiveness is highly sen-010
sitive to the fixed coefficient, making it unsta-011
ble across tasks and models. In this work, we012
revisit entropy regularization in RLVR and ar-013
gue that its potential has been largely underes-014
timated. Our analysis shows that (i) tasks of015
varying difficulty demand distinct exploration016
intensities, and (ii) balanced exploration may017
require the policy entropy to be maintained018
within a moderate range below its initial level.019
Therefore, we propose Adaptive Entropy Regu-020
larization (AER) — a framework that dynami-021
cally balances exploration and exploitation via022
three components: difficulty-aware coefficient023
allocation, initial-anchored target entropy, and024
dynamic global coefficient adjustment. Ex-025
periments on multiple mathematical reasoning026
benchmarks show that AER consistently out-027
performs baselines, improving both reasoning028
accuracy and exploration capability.029

1 Introduction030

Reasoning ability has become a crucial capability031

for Large Language Models (LLMs) to solve com-032

plex tasks in mathematics and coding. Reinforce-033

ment Learning with Verifiable Rewards (RLVR)034

has recently emerged as an effective paradigm to en-035

hance this capability, driving advances in state-of-036

the-art models such as OpenAI-o1 and DeepSeek-037

R1 (Jaech et al., 2024; Guo et al., 2025). However,038

recent studies observe that policy entropy collapse039

may pose a significant bottleneck in RLVR train-040

ing (Cui et al., 2025b; He et al., 2025; Cheng et al.,041

2025; Dai et al., 2025), closely tied to the long- 042

standing exploration–exploitation dilemma (Sutton 043

et al., 1998). Specifically, the model’s policy often 044

converges prematurely to a narrow set of exploita- 045

tive reasoning trajectories, thereby suppressing ex- 046

ploration of the broader solution space (Chen et al., 047

2025b). This premature convergence typically man- 048

ifests as a rapid decline in policy entropy during the 049

early stages of training (Yu et al., 2025), trapping 050

the policy in local optima and leading to perfor- 051

mance plateaus that constrain the model’s overall 052

reasoning potential (Cui et al., 2025b). 053

A conventional approach in reinforcement learn- 054

ing to alleviate policy entropy collapse is to intro- 055

duce an entropy regularization term, which explic- 056

itly penalizes overly deterministic policies and en- 057

courages exploration (Schulman et al., 2017). De- 058

spite its simplicity and conceptual appeal, this tech- 059

nique is often omitted in recent RLVR pipelines 060

for LLMs (Yu et al., 2025; Hu et al., 2025b; Liu 061

et al., 2025b; Cui et al., 2025a), as its effective- 062

ness is highly sensitive to the choice of the en- 063

tropy coefficient. Small coefficients cannot pre- 064

vent entropy collapse, whereas excessively large 065

coefficients may induce entropy explosion (Cui 066

et al., 2025b; Jiang et al., 2025b). Moreover, a 067

slight change in the base model or dataset may flip 068

the effect of a tuned coefficient from beneficial to 069

harmful (He et al., 2025). Intuitively, the balance 070

between exploration (high entropy) and exploita- 071

tion (low entropy) should be dynamic throughout 072

training. Fixed coefficients struggle to deal with 073

this evolving trade-off (He et al., 2025; Cui et al., 074

2025b). This naturally raises the question: 075

Can we adaptively adjust the coefficient for 076

entropy regularization during RLVR training? 077

In this work, we revisit entropy regularization 078

in the context of RLVR for LLMs and argue that 079

its potential has been largely underestimated due 080

to the limitations of fixed-coefficient designs. Mo- 081
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Figure 1: An overview of the AER framework.

tivated by this concern, we conduct preliminary082

analysis in Section 3 and have two observations: (i)083

tasks of different difficulty levels require distinct084

exploration intensities, suggesting the need for a085

difficulty-aware mechanism that enables sample-086

level control of entropy regularization; and (ii) ef-087

fective exploration during training requires main-088

taining the policy entropy at a specific target value089

below its initial entropy.090

Therefore, we propose Adaptive Entropy Reg-091

ularization (AER) as shown in Figure 1, which092

dynamically balances exploration and exploitation093

through adaptive coefficients, including three com-094

ponents: (i) Difficulty-Aware Coefficient Allocation095

estimates task difficulty relative to the current pol-096

icy and assigns sample-level entropy coefficients097

to achieve fine-grained entropy regularization; (ii)098

Initial-Anchored Target Entropy adaptively deter-099

mines the target entropy value based on each run’s100

initial entropy, maintaining consistent relative ex-101

ploration budget among different settings; and (iii)102

Dynamic Global Coefficient Adjustment adaptively103

adjusts a global scaling factor for entropy coeffi-104

cients according to the current policy entropy to105

ensure that the policy entropy is maintained near106

the target entropy during training. Together, these107

components form an adaptive controller that main-108

tains policy entropy within a reasonable range, sta-109

bilizing training while retaining balanced explo-110

ration. We conducted empirical evaluations on111

various complex mathematical reasoning bench-112

marks, and AER showed consistent improvements113

in reasoning performance and diversity. Our contri-114

butions are summarized as follows:115

• We conduct preliminary analysis to show that116

exploration should adapt to task difficulty and117

that balanced exploration may require main- 118

taining the policy entropy within a moderate 119

range below its initial level, motivating adap- 120

tive, difficulty-aware entropy regularization. 121

• We introduce the Adaptive Entropy Regular- 122

ization (AER), a framework that can dynami- 123

cally and adaptively adjust the coefficients of 124

entropy regularization to better balance explo- 125

ration and exploitation throughout training. 126

• Extensive experiments on various mathemat- 127

ical reasoning benchmarks demonstrate that 128

AER consistently outperforms advanced base- 129

lines in both reasoning performance (pass@1) 130

and exploration capability (pass@k), validat- 131

ing the potential of adaptive entropy regular- 132

ization in RLVR training. 133

2 Related Work 134

Reinforcement Learning for LLMs. Reinforce- 135

ment learning is an important paradigm for training 136

LLMs (Ouyang et al., 2022; Team et al., 2023; Lee 137

et al., 2024). Recently, reinforcement learning with 138

verifiable rewards (RLVR) has shown remarkable 139

success, demonstrating significant performance in 140

complex tasks (Guo et al., 2025; Jaech et al., 2024; 141

Yang et al., 2025; He et al., 2025; Team et al., 2025; 142

Liu et al., 2025b; Zeng et al., 2025). In addition, 143

a series of actor-only methods further reduce the 144

resource burden and complexity of RLVR (Shao 145

et al., 2024; Li et al., 2024; Hu et al., 2025a; Yu 146

et al., 2025; Zheng et al., 2025a). However, RLVR 147

still suffers from exploration-exploitation dilemma, 148

which manifests as a rapid decrease in policy en- 149

tropy, thus limiting the performance of LLMs (Cui 150

et al., 2025b; Cheng et al., 2025; He et al., 2025). 151
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(a) The impact of different coefficients
on the easy dataset.
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(b) The impact of different coefficients
on the hard dataset.
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Figure 2: Preliminary experimental results. (a-b) we show the effect of different entropy coefficients on test
accuracy and average token length on easy and difficult datasets, respectively. (c) we demonstrate that different base
models, datasets, and sampling temperatures will significantly affect the value of the initial entropy.

Exploration in Reinforcement Learning. Ex-152

ploration is a central challenge in reinforcement153

learning, typically approached through theoreti-154

cal analysis (Cai et al., 2020; Ishfaq et al., 2021),155

curiosity-driven signals (Pathak et al., 2017; Burda156

et al.; Raileanu and Rocktäschel; Henaff et al.,157

2022), and entropy maximization (Ziebart et al.,158

2008; Toussaint, 2009). In the context of LLMs,159

several studies have employed entropy as a perfor-160

mance indicator (Cui et al., 2025b) or as a heuris-161

tic for advantage shaping, enhancing the rollout162

phase, or loss masking (Wang et al., 2025; Cheng163

et al., 2025; Zheng et al., 2025b; Li et al., 2025d).164

Entropy regularization or KL penalty helps con-165

trol policy distributions (He et al., 2025; Liu et al.,166

2025a), while complementary techniques such as167

loss reweighting (Wang et al., 2025; Cui et al.,168

2025b) and clip-higher (Yu et al., 2025) further169

mitigate entropy collapse. Additional strategies170

for promoting exploration include adjusting sam-171

pling hyperparameters (Chen et al., 2025a), per-172

forming self-reflection (Jiang et al., 2025a), lever-173

aging external verification (Zha et al., 2025), em-174

phasizing high-entropy tokens via critical-token175

training (Wang et al., 2025; Li et al., 2025c; Jiang176

et al., 2025b), and designing custom intrinsic sig-177

nals (Li et al., 2025a; Dai et al., 2025; Gao et al.,178

2025; Song et al., 2025). However, the necessity of179

entropy regularization in RLVR remains debated,180

with some studies questioning its impact on ex-181

ploration effectiveness (Ouyang et al., 2022; Shao182

et al., 2024; Hu et al., 2025b; Cui et al., 2025b).183

3 Preliminary Analysis184

Although adding explicit entropy regularization185

(e.g., an entropy loss term in the objective) is186

a straightforward, plug-and-play remedy to pre-187

vent the policy from becoming overly deterministic188

and thus mitigate entropy collapse, most recent 189

works of RLVR for LLMs do not include this tech- 190

nique (Hu et al., 2025b; Liu et al., 2025b; Cui et al., 191

2025a; Yu et al., 2025). Yet the entropy regulariza- 192

tion is highly sensitive to coefficients in practice, 193

small coefficients cannot effectively prevent en- 194

tropy collapse, while large coefficients will lead to 195

entropy explosion, causing training instability or 196

performance degradation as well (Cui et al., 2025b). 197

Moreover, slight changes in the experimental setup 198

can cause the carefully selected coefficients to have 199

the opposite effect (He et al., 2025). 200

Intuitively, the degree of exploration should cor- 201

relate with task difficulty: excessive exploration on 202

easy tasks may introduce unnecessary randomness 203

and hinder convergence, whereas difficult tasks 204

often require stronger exploration to escape local 205

optima and discover effective reasoning trajecto- 206

ries (Li et al., 2025a,b). To examine this intuition, 207

we train Qwen3-4B-Base with GRPO on mathemat- 208

ical datasets of different difficulty levels1, varying 209

the strength of entropy regularization through dif- 210

ferent coefficients. As shown in Figure 2a and Fig- 211

ure 2b, increasing the entropy coefficient improves 212

test accuracy on the harder dataset, accompanied 213

by a longer average token length—indicating that 214

moderate promotion of exploration benefits chal- 215

lenging reasoning tasks. In contrast, on the easier 216

dataset, stronger entropy regularization leads to a 217

decline in accuracy, where excessive exploration 218

with longer responses may prevent convergence 219

toward concise and correct reasoning trajectories. 220

These results demonstrate that the optimal level of 221

exploration varies with task difficulty, highlighting 222

the necessity of a difficulty-aware mechanism for 223

entropy regularization. In addition, when the co- 224

1The easy task uses GSM8K, while the hard task consists
of a mixture of AIME and AMC datasets.
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efficient is set to an overly large value (i.e., 0.1),225

both datasets showed a sudden drop in accuracy ac-226

companied by a sharp increase in the average token227

length, indicating that excessive exploration may228

trigger entropy explosion, leading to instability in229

the training process.230

A recent study (Cui et al., 2025b) establishes231

an empirical relation between policy entropy H232

and downstream performance R, expressed as233

R = −a exp (H)+b, where a and b are fitting coef-234

ficients. This indicates an inherent trade-off: policy235

performance is “purchased” at the cost of entropy.236

Furthermore, policy entropy decreases monotoni-237

cally without any entropy intervention (Cui et al.,238

2025b), which means that effective exploration239

may require maintaining policy entropy at a "sweet240

spot" below its initial level to avoid entropy col-241

lapse and explosion. He et al. (2025) have similar242

empirical observations that they monitor policy en-243

tropy during training and preventing it from falling244

below a prespecified target entropy value (e.g., 0.2)245

from the initial entropy. However, as shown in Fig-246

ure 2c, the initial entropy may vary greatly due247

to the differences in the base model, training data,248

and sampling temperature, leading to inconsistent249

“exploration budget”. This inspires us to design a250

mechanism that adaptively determines the target251

entropy value based on the level of initial entropy.252

4 Methodology253

Building on these insights, we propose the Adap-254

tive Entropy Regularization (AER) framework255

for RLVR. AER estimates task difficulty with re-256

spect to the current policy and adaptively adjusts257

the entropy coefficient at the sample level. It further258

sets the target entropy as a fraction of the initial259

policy entropy and dynamically adjusts a global260

scaling factor for coefficients to prevent the policy261

entropy from falling below this target, maintaining262

effective exploration throughout training.263

4.1 Notations and Preliminaries264

Formulation. We consider reinforcement learn-265

ing with verifiable rewards (RLVR) for training266

LLMs. Given a question-answer pair (q, a) from267

the dataset D, the policy model πθ(· | q) with pa-268

rameters θ generates a response o. A rule-based269

reward function r(q, o) ∈ {0, 1} provides binary270

correctness judgment based on (q, a).271

Group Relative Policy Optimization (GRPO).272

GRPO (Shao et al., 2024) extends proximal pol-273

icy optimization (Schulman et al., 2017) to the 274

group sampling setting and eliminates the need for 275

a value network. For each question q, a group of 276

G candidate responses {oi}Gi=1 is sampled. Then, 277

the advantage of the i-th response is calculated by 278

normalizing the group-level rewards {Ri}Gi=1 := 279

{r(q, o1), . . . , r(q, oG)}: 280

Âi =
r(q, oi)− mean({Ri}Gi=1)

std({Ri}Gi=1)
. (1) 281

GRPO adopts a clipped objective and combines a 282

KL penalty term: 283

JGRPO(θ) = E(q,a)∼D,{oi}Gi=1∼πθ old (·|q) 1

G

G∑
i=1

1

|oi|

|oi|∑
l=1

(
min

(
wi,l(θ)Âi, clip

(wi,l(θ), 1− ε, 1 + ε) Âi

)
− βDKL (πθ∥πref )

)]
(2) 284

where wi,l(θ) =
πθ(oi,l|q,oi,<l)

πθold (oi,l|q,oi,<l)
, πref denotes the 285

reference policy and β controls the strength of the 286

KL penalty. 287

Entropy Regularization. To alleviate the policy 288

entropy collapse, a common approach is to explic- 289

itly incorporate entropy regularization as an auxil- 290

iary objective. For an autoregressive policy πθ, the 291

token-level entropy at position l is defined as 292

Hl = −
∑
ol∈V

πθ(ol | q, o<l) log πθ(ol | q, o<l),

(3) 293

where V denotes the vocabulary. The sequence- 294

level entropy is the average over response positions: 295

H(πθ(· | q)) =
1

L

L∑
l=1

Hl, (4) 296

with L being the response length. The entropy 297

regularization objective is given by 298

Jent(θ) = γ Eq∼D[H(πθ(· | q))] , (5) 299

where γ controls the regularization strength. The 300

overall objective combines this entropy regulariza- 301

tion with the policy optimization objective: 302

Jtotal(θ) = JGRPO(θ) + Jent(θ). (6) 303

4.2 Adaptive Entropy Regularization (AER) 304

AER dynamically balances exploration and ex- 305

ploitation in RLVR training by incorporating three 306
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complementary mechanisms: (i) Difficulty-Aware307

Entropy Allocation, which adjusts sample-level308

entropy coefficients according to task difficulty; (ii)309

Initial-Anchored Target Entropy, which adap-310

tively defines the target exploration level based311

on the model’s initial entropy; and (iii) Dynamic312

Global Coefficient Adjustment, which continu-313

ously tunes the overall regularization strength to314

stabilize global policy entropy. These components315

form a self-regulating system that allocates explo-316

ration where needed, adapts to different setups, and317

maintains stable entropy dynamics. Formally, the318

training objective at iteration t is:319

JAER(θ) = JGRPO(θ)

+ Eq∼D
[
λt(q)H(πθ(· | q))

]
,

(7)320

where H(πθ(· | q)) denotes the sequence-level en-321

tropy and λt(q) represents the adaptive coefficient322

for each sample.323

C1. Difficulty-Aware Coefficient Allocation.324

As discussed in Section 3, harder questions require325

stronger exploration to uncover potential reason-326

ing trajectories, whereas excessive exploration on327

easy questions can hinder convergence. To achieve328

this balance, we introduce a mechanism to estimate329

each question’s difficulty relative to the current pol-330

icy during training. GRPO naturally supports this331

estimation: for each question q, the policy gener-332

ates a group of m candidate responses {oj}mj=1,333

from which we compute the group accuracy as334

g(q) =
1

m

m∑
j=1

r(q, oj), r(q, oj) ∈ {0, 1}. (8)335

Allocation rule. Given a pivot accuracy ρ ∈336

[0, 1] and a small constant ε > 0 (typically 10−8),337

we define a difficulty-aware entropy coefficient as338

λt(q) = αt ·
max{0, ρ− g(q)}

ρ+ ε

+ αt · I{ρ = 0, g(q) = 0},
(9)339

where αt is a global entropy scaling factor control-340

ling the overall strength of entropy regularization,341

which is adaptively updated through the dynamic342

adjustment mechanism introduced in C3. The co-343

efficient λt(q) is positive only for hard questions344

(g(q) ≤ ρ) and zero otherwise. Additionally, it345

allocates larger entropy coefficients to more diffi-346

cult questions based on the difference between the347

current g(q) and ρ to encourage more exploration.348

C2. Initial-Anchored Target Entropy. As ana- 349

lyzed in Section 3, maintaining the policy entropy 350

within a certain “sweet spot” below its initial value 351

can appropriately promote exploration and stabi- 352

lize training. However, the initial policy entropy 353

varies substantially across base models, datasets, 354

and sampling temperature, making it difficult to di- 355

rectly specify a specific value as the target entropy. 356

Therefore, we seek an adaptive mechanism that can 357

determine the value of the target entropy based on 358

the initial entropy at each run. 359

Definition. Let Ĥ0 denote the policy entropy 360

at initialization (obtained in the first training step). 361

We define the initial-anchored target entropy as 362

H⋆ = τ · Ĥ0, τ ∈ (0, 1), (10) 363

where τ is a predefined reduction ratio represent- 364

ing the desired relative decrease from the initial en- 365

tropy. By anchoring the target entropy to the initial 366

entropy, it adaptively calibrates the effective “ex- 367

ploration budget” across different setups, thereby 368

alleviating the burden of repeated hyperparameter 369

tuning and improving cross-run stability. 370

C3. Dynamic Global Coefficient Adjustment. 371

While C1 determines where to allocate exploration 372

and C2 specifies how much entropy should be re- 373

tained, the global policy entropy can still drift from 374

the target H⋆ as training proceeds. Recall that 375

αt in Equation 9 serves as a global scaling factor 376

that controls the overall strength of entropy regu- 377

larization. Instead of keeping αt fixed as a hyper- 378

parameter, AER updates it dynamically according 379

to the observed policy entropy (He et al., 2025). 380

This mechanism follows the classical principle of 381

closed-loop control (Åström and Murray, 2021), 382

in which a system continuously measures its out- 383

put, compares it to a target, and adjusts its input to 384

reduce the deviation. 385

Definition. Let Ĥt denote the policy entropy at 386

iteration t. With step size η > 0, the global entropy 387

scaling factor αt in Equation 9 is updated as 388

αt+1 =
[
αt + η · sgn(H⋆ − Ĥt)

]
+
, (11) 389

where [z]+ = max(z, 0). If Ĥt < H⋆, αt in- 390

creases to encourage exploration; if Ĥt > H⋆, αt 391

decreases to suppress excessive exploration. 392

This dynamic global coefficient adjustment pre- 393

vents both entropy collapse and entropy explosion. 394

By continuously monitoring and correcting devi- 395

ations, AER maintains policy entropy near H⋆, 396
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Method AIME24 AIME25 AMC23 MATH500 Avg.

pass@1 pass@32 pass@1 pass@32 pass@1 pass@32 pass@1 pass@32 pass@1 pass@32

Qwen3-4B-Base

Base 9.0 40.0 3.2 27.0 34.6 86.7 52.2 92.0 24.8 61.5

GRPO 19.7 42.0 15.4 32.3 59.9 87.8 80.5 93.7 43.9 64.0
w/ Clip-Higher 20.4 32.0 20.0 40.3 59.6 89.7 81.1 93.5 45.3 63.9
w/ Ent-Adv 21.0 40.9 13.3 31.6 49.2 86.7 79.2 91.3 40.7 62.6
w/ KL-Cov 24.5 54.6 20.4 39.2 57.2 84.9 80.3 95.5 45.6 68.6
w/ Clip-Cov 24.0 52.5 22.5 41.4 65.9 92.4 87.8 95.9 50.1 70.6
w/ AER (Ours) 25.2 49.6 22.1 48.9 70.2 94.8 86.7 96.6 51.1 72.5

Qwen3-8B-Base

Base 11.5 48.0 8.8 35.5 45.0 88.7 67.2 94.2 33.1 66.6

GRPO 20.5 47.0 18.5 34.3 62.8 88.4 82.0 94.1 46.0 66.0
w/ Clip-Higher 27.1 61.5 21.1 46.9 68.5 92.7 88.3 97.0 51.3 74.5
w/ Ent-Adv 23.2 45.0 15.8 35.2 62.5 80.6 83.5 93.4 46.3 63.6
w/ KL-Cov 26.9 58.4 20.8 42.7 65.3 92.1 80.6 96.7 48.4 72.5
w/ Clip-Cov 30.8 62.1 24.4 46.9 74.5 94.1 90.4 97.8 55.0 75.2
w/ AER (Ours) 31.4 63.2 25.1 48.9 75.6 94.8 89.4 97.0 55.4 76.0

Table 1: Overall performance comparison. We compared the pass@1 and pass@32 performance between different
methods using the Qwen3-4B-Base and Qwen3-8B-Base models on four mathematical reasoning benchmarks.

forming a dynamic self-regulating mechanism that397

sustains balanced exploration without much man-398

ual tuning of hyperparameters.399

Workflow of AER. Each training iteration of400

AER proceeds as follows: (i) estimate the group401

accuracy g(q) for each question via Equation 8;402

(ii) compute difficulty-aware coefficients λt(q) via403

Equation 9; (iii) optimize JAER(θ) in Equation 7;404

and (iv) update αt according to Equation 11. This405

closed-loop process adaptively allocates and reg-406

ulates exploration, maintaining stable entropy dy-407

namics throughout RLVR training.408

5 Experiments409

5.1 Experiment Setup410

Configurations. We adopt the widely used Qwen411

series open-source models (Yang et al., 2025) for412

validating the efficacy of the proposed method, in-413

cluding Qwen3-4B-Base and Qwen3-8B-Base. All414

models are trained on the open-source DeepscaleR415

dataset (Luo et al., 2025). We use the Hugging416

Face verification tool math_verify (Kydlíček and417

Face, 2025) to automatically check the correctness418

of model answers. Detailed hyperparameter config-419

uration can be found in Appendix A.420

Evaluations. We follow standard protocols to421

evaluate mathematical reasoning and select widely422

adopted benchmarks: AIME24 (MAA, 2024),423

AIME25 (MAA, 2025), AMC23 (AI-MO, 2024)424

and MATH500 (Hendrycks et al., 2021). We report425

pass@1 to evaluate performance and pass@k to 426

evaluate exploration capability (Yue et al., 2025). 427

Greater exploration improves the likelihood of find- 428

ing a correct reasoning path within k attempts. 429

Baseline methods. We compare AER 430

against several baselines, including the vanilla 431

GRPO (Shao et al., 2024), GRPO with Clip- 432

Higher (Yu et al., 2025) and several advanced 433

exploration-oriented methods: Ent-Adv (Cheng 434

et al., 2025), which introduces an entropy-based 435

advantage term to encourage longer reasoning 436

trajectories, and Clip-Cov and KL-Cov (Cui et al., 437

2025b), which regularize policy updates through 438

token–entropy covariance to stabilize training. 439

5.2 Main Results 440

Overall Performance. Table 1 presents the main 441

results on four mathematical reasoning bench- 442

marks. Across both model scales, AER gener- 443

ally achieves higher performance (pass@1) and 444

stronger exploration capability (pass@32) than the 445

baselines. For the Qwen3-4B-Base model, AER 446

yields an average +7.2% improvement in pass@1 447

over vanilla GRPO and +1.0% over the best base- 448

line (Clip-Cov). In terms of exploration, AER im- 449

proves the average pass@32 by +8.5% compared 450

to vanilla GRPO and +1.9% compared to Clip- 451

Cov. A similar trend is observed for the Qwen3- 452

8B-Base model, where AER reaches the highest 453

average scores—55.4% on pass@1 and 76.0% on 454

pass@32. The gains are more noticeable on chal- 455
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Figure 3: Pass@k and training dynamics (2×3 grid). Left column: pass@k on AIME24 (a) and AIME25 (d) as k
scales. Right two columns: training dynamics—reward (b), policy entropy (c), response length (e)—and test score
on AIME25 (f) over steps.

Qwen3-8B-Base AIME24 AIME25 AMC23 MATH500
GRPO 20.5 18.5 62.8 82.0
w/ Fixed Coeff. 23.4 21.9 63.9 86.1
w/ Difficulty-Aware. (C1) 28.9 23.5 73.6 88.9
w/ Adaptive Coeff. (C2&C3) 29.4 21.4 73.8 89.4
w/ AER (C1&C2&C3) 31.4 25.1 75.6 89.4

Table 2: Ablation study of different components.

lenging benchmarks such as AIME24 and AIME25,456

suggesting that difficulty-aware entropy allocation457

may better promote exploration on harder reason-458

ing tasks. Overall, the results indicate that AER can459

enhance reasoning performance and exploration di-460

versity, highlighting its potential to further leverage461

entropy regularization in RLVR training for LLMs.462

For additional experimental results, including scal-463

ability analysis on larger models and generalization464

to other architectures, please refer to Appendix C.465

Pass@k Analysis. Following prior work (Yue466

et al., 2025; Cheng et al., 2025; Jiang et al., 2025b),467

we further examine the exploration boundary of468

different methods through pass@k performance,469

which reflects the model’s upper bound of rea-470

soning capability. Specifically, we evaluate the471

Qwen3-8B-Base model on two challenging bench-472

marks—AIME2024 and AIME2025—extending473

k up to 256 to assess how performance scales474

with increased rollout attempts. As shown in Fig-475

ure 3a and Figure 3d, AER consistently achieves476

higher pass@k performance across all k, indicat-477

ing stronger exploration and reasoning diversity.478

The advantage becomes more pronounced as k in- 479

creases on the AIME25 dataset, where AER main- 480

tains a clear margin over baselines throughout the 481

curve. This trend suggests that AER more effec- 482

tively broadens the search space of reasoning tra- 483

jectories, enabling the policy to discover a larger 484

proportion of correct solutions under extended sam- 485

pling. Detailed results are shown in Appendix C.3. 486

Analysis of Training Dynamics. In Figure 3b, 487

the training reward of AER reaches a higher level 488

than the baselines, suggesting that our method fa- 489

cilitates more effective policy improvement during 490

training. As shown in Figure 3c, the policy en- 491

tropy of vanilla GRPO drops sharply within the 492

first 100 steps, indicating early entropy collapse. 493

Although the baseline slightly mitigates this ef- 494

fect, its entropy still gradually declines over steps. 495

AER maintains the policy entropy at a moderate 496

target level throughout training, which help sustain 497

consistent and balanced exploration. Despite main- 498

taining higher entropy, AER produces shorter av- 499

erage response lengths than the baseline as shown 500

in Figure 3e, implying that our method guides ex- 501

ploration more effectively without unnecessary ver- 502

bosity. Finally, Figure 3f shows that AER dynami- 503

cally maintains a stable policy entropy throughout 504

training and allocates more exploration to difficult 505

samples, thereby facilitating the policy to escape lo- 506

cal optima and continuously improve performance. 507

Overall, these results suggest that AER promotes 508

stable entropy dynamics, balanced exploration, and 509
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Figure 4: AER ablations and generalization. (a) Pivot accuracy ρ ablation (C1, τ=0.4). (b) Reduction ratio τ
ablation (C2, ρ=0.2). (c) Generalization on DAPO_MATH_17K: Qwen3-8B-Base test score. (d) Generalization on
DAPO_MATH_17K: Qwen2.5-7B-Base test score.

sustained performance gains during RLVR training.510

5.3 Ablation Study511

Effectiveness of different components. As512

shown in Table 2, building upon GRPO, introduc-513

ing entropy regularization with a tuned fixed co-514

efficient improves performance, suggesting that515

moderate exploration is beneficial. Then applying516

C2 & C3 brings further gains, particularly on chal-517

lenging benchmarks such as AIME24, highlighting518

the importance of maintaining an appropriate level519

of policy entropy throughout training. When the520

C1 is further incorporated, the full AER frame-521

work achieves the best performance, e.g., improv-522

ing AIME25 performance from 21.4 to 25.1.523

Ablation of the pivot accuracy (ρ) in C1. Fix-524

ing τ=0.4, we sweep ρ to examine how it allocates525

exploration (Figure 4a). The Avg. pass@1 curve526

increases as ρ decreases from 1.0 to 0.0, peaking527

at 55.8 when ρ=0, and degrading once ρ ≥ 0.6528

(down to 53.5 at ρ=1.0). The monotonic 1→0 rise529

confirms our difficulty-aware design: lowering ρ530

gates positives to truly hard cases, focusing entropy531

where exploration helps while sparing easy ones.532

Although C3 stabilizes the global entropy around533

the target, an overly large ρ makes many questions534

“hard,” diluting per-sample selectivity and weaken-535

ing the signal-to-noise ratio of entropy injection.536

Accordingly, we recommend a small–moderate537

pivot and adopt ρ<=0.2 by default.538

Ablation of the reduction ratio (τ ) in C2. Fix-539

ing ρ=0.2, we sweep τ to study how anchoring540

the target entropy to the initial entropy affects per-541

formance (Figure 4b). The Avg. pass@1 curve542

exhibits a clear sweet spot at τ=0.4 (55.4), with543

a mild plateau for τ ∈ [0.5, 0.6] and degradation544

in both directions: under-reduction at τ≤0.3 and545

over-preservation at high-entropy settings τ≥0.8.546

These results substantiate the empirical premise547

that moderate entropy reduction accompanies ac-548

curacy gains: compared with vanilla GRPO, AER 549

stabilizes the global entropy near the prescribed 550

band, retaining sufficient diversity while avoiding 551

premature collapse. Pushing τ too high inflates 552

entropy beyond the useful range, diluting the sig- 553

nal for exploitation; pushing it too low curtails 554

beneficial exploration. In practice, we thus adopt 555

τ ∈ [0.4, 0.6] as default. 556

Generalization under different experimental set- 557

tings. To test whether AER’s closed-loop en- 558

tropy control transfers across data and architectures 559

without retuning, we replace DEEPSCALER with 560

DAPO_MATH_17K and train Qwen3-8B-Base and 561

Qwen2.5-7B-Base using the same default hyperpa- 562

rameters (ρ=0.2, τ=0.4). The test-score curves in 563

Figure 4c and Figure 4d show that AER achieves 564

faster early gains and maintains a clear, persis- 565

tent margin over Clip-Higher throughout train- 566

ing, while converging to a higher (or comparable) 567

asymptote than GRPO. This behavior indicates that 568

the initial-anchored target entropy (C2) together 569

with dynamic global scaling (C3) adapts the effec- 570

tive exploration level to the new data distribution 571

and model backbone. 572

6 Conclusion 573

This paper revisits entropy regularization in re- 574

inforcement learning with verifiable rewards and 575

identifies fixed-coefficient schemes—often prone 576

to entropy collapse or explosion—as a key lim- 577

itation to reasoning performance. We introduce 578

Adaptive Entropy Regularization (AER), which 579

adaptively balances exploration and exploitation 580

throughout training. On multiple mathematical rea- 581

soning benchmarks, AER consistently improves 582

both performance and exploration capability, re- 583

vealing that adaptive coefficient control is crucial 584

to rediscovering the potential of entropy regulariza- 585

tion for LLM reinforcement learning. 586

8



Limitations587

We discuss one practical limitation of our work. In588

line with most open-source studies, we train primar-589

ily on mathematical datasets because they are easy590

to obtain and provide accurate, verifiable rewards.591

This is not an important issue, and we believe they592

can achieve better results if more training datasets593

with verifiable rewards for general domains are594

available.595

Ethics Statement596

We have carefully considered the ethical impli-597

cations of our research and provide the follow-598

ing statements:(1) Throughout this study, we have599

strictly followed established ethical guidelines, en-600

suring that our findings are reported honestly, trans-601

parently, and with full accuracy. (2) No sensitive602

or confidential information was used at any stage603

of our research. All data and materials utilized604

are suitable for public release. (3) The datasets605

employed in our experiments originate from pub-606

licly available and peer-reviewed scientific sources,607

supporting the transparency and reproducibility of608

our work. (4) We offer detailed descriptions of the609

datasets and the hyper-parameter configurations610

used in our experiments to ensure the reproducibil-611

ity and clarity of our results. (5) In the interest of612

openness and to support future research, we have613

made our code available anonymously on GitHub614

and will fully open source it following the accep-615

tance of our paper.616
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A Implementation Details856

A.1 Training Setup857

We conduct all experiments on a single node equipped with 32× NVIDIA H100 (80 GB, SXM) GPUs858

interconnected via NVLink. Unless otherwise noted, all methods are trained under the same computational859

budget (wall-clock hours and effective batch size) and with identical data pre-processing and evaluation860

protocols to ensure fair comparison.861

RL stack and integration. For the reinforcement learning (RL) stage, we adopt VERL, a post-training862

framework tailored to large language models (LLMs) with verifiable or preference-based feedback. VERL863

provides modular APIs that integrate seamlessly with mainstream LLM infrastructures (e.g., PyTorch864

FSDP and Megatron-LM) and inference engines (e.g., vLLM), enabling (i) memory-efficient sharding865

for optimizer states and activations, (ii) flexible rollout orchestration, and (iii) pluggable algorithm866

components (e.g., GRPO, DAPO, and our variants). This design reduces engineering overhead and867

makes experimental factors (algorithmic choices, hyperparameters, and decoding policies) isolatable and868

reproducible.869

Distributed training and precision. We use mixed-precision training (bf16 where supported, with870

automatic casting and safe gradient scaling) and distributed data parallelism via FSDP-style full sharding871

of parameters, gradients, and optimizer states. Gradient accumulation is employed to match the effective872

global batch sizes reported in Table 3. Checkpointing is performed at fixed intervals to support fault873

tolerance and ablations with matched training budgets.874

Inference engine for rollouts and evaluation. All online rollouts and offline evaluations are executed875

with VLLM, an efficient LLM inference engine that supports asynchronous batching and distributed876

serving with a paged key–value (KV) cache. Using a single, shared engine for both training-time rollouts877

and test-time evaluation minimizes distribution shift induced by heterogeneous runtimes. Decoding878

configurations (temperature, nucleus/top-p, maximum length, stop rules) are held constant across methods879

within each experiment; pass@k metrics use a fixed k (default k=32) unless otherwise specified.880

Reproducibility. We fix random seeds for data sampling, parameter initialization, and decoder sampling;881

we further report the exact learning rate, context length, evaluation interval, and method-specific knobs882

in Table 3. All results are averaged over the same evaluation protocol to control for stochasticity in883

sampling-based metrics.884

A.2 Hyperparameters885

Notation. In Table 3, data_train_batch_size denotes the effective number of sequences per optimizer886

step after gradient accumulation (i.e., the global batch size across 32 GPUs). ppo_mini_batch_size887

specifies the per-update minibatch for PPO-style objectives. The kl column is the coefficient of the KL888

regularizer (set to 0 for fully KL-free variants). length is the maximum sequence length (tokens) and is889

kept identical during training and evaluation to avoid truncation bias. eval_step is the validation interval890

(in optimizer steps). Method-specific switches are listed under Others.891

Method-specific parameters:892

• Clip-Higher: Uses asymmetric clipping ratios with cl = 0.2 (lower bound) and ch = 0.28 (upper893

bound) to allow more aggressive updates for positive advantages while constraining negative ones.894

• Ent-Adv: Implements entropy-based advantage estimation with scaling factor α = 0.4 and tempera-895

ture parameter κ = 2.0 to balance exploration and exploitation.896

• KL-Cov: Adds KL divergence covariance regularization with KL coefficient λkl = 1.0 and covari-897

ance ratio ρkl = 0.002 to stabilize training dynamics.898

• Clip-Cov: Combines clipping with covariance regularization using symmetric clipping ratios cl =899

ch = 1.0 and covariance ratio ρclip = 0.0002 for enhanced stability.900
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Method data_train_batch_size ppo_mini_batch_size kl length lr epoch eval_step Others

GRPO 128 32 0.0 8k 1e-6 30 20 –
w/Clip-Higher 128 32 0.0 8k 1e-6 30 20 cl=0.2, ch=0.28

w/Ent-Adv 128 32 0.0 8k 1e-6 30 20 α=0.4, κ=2.0

w/KL-Cov 128 32 0.0 8k 1e-6 30 20 λkl=1.0, ρkl=0.002

w/Clip-Cov 128 32 0.0 8k 1e-6 30 20 cl=1.0, ch=1.0, ρclip=0.0002

w/AER 128 32 0.0 8k 1e-6 30 20 τ=0.4, ρ=0.2, η=0.005

Table 3: Training configurations. We keep the compute budget and decoding policy matched across methods.
The KL coefficient controls regularization strength in PPO-style objectives; DAPO removes KL entirely. Clip-
Higher uses asymmetric clipping ratios (cl, ch). Ent-Adv introduces entropy-based advantage estimation with
scaling factor α and temperature κ. KL-Cov and Clip-Cov add covariance regularization with coefficients ρkl and
ρclip respectively. AER (Adaptive Entropy Regulation) introduces adaptive entropy control with target entropy τ ,
difficulty threshold ρ, and adaptation rate η.

• AER: Implements adaptive entropy regulation with τ = 0.4, difficulty threshold ρ = 0.2 for distin- 901

guishing hard vs. easy samples, and adaptation rate η = 0.005 for dynamic parameter adjustment. 902

The method automatically maintains the target entropy level through adaptive α parameter updates. 903

Scheduling and optimization. Unless stated otherwise, we use AdamW with learning rate 1×10−6 904

(see Table 3) and align the number of epochs so that the total number of optimizer updates is comparable 905

across baselines. Evaluation is triggered every eval_step updates to monitor both pass@ 1 (accuracy) 906

and pass@ k (diversity under multi-sample decoding). For RL methods, rollout budgets (number of 907

samples per prompt) are matched at training and validation time to ensure apples-to-apples comparisons. 908

Protocol fairness. All ablations modify a single factor at a time (e.g., toggling KL, changing τ in AER) 909

while keeping the data curriculum, tokenizer, context length, and decoding policy fixed. This controls 910

confounders and isolates the effect of exploration–exploitation regularization on pass@ 1 and pass@ k. 911

Checkpoint selection. For each method, we perform validation on the AIME2025 set every 20 opti- 912

mizer steps (i.e., eval_step=20) using the same decoding configuration as at test time. Unless otherwise 913

stated, the checkpoint used for reporting is the one that attains the highest pass@ 1 on AIME2025; all 914

metrics in the main tables are computed from this selected checkpoint. 915

B Detailed Description of Benchmarks 916

To fairly evaluate mathematical reasoning ability, we need to use benchmarks that cover different types of 917

problems, various levels of difficulty, and a range of math topics. When choosing datasets, we focus on 918

the following points in Table 4: 919
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Dataset Core Description Key Characteristics

AIME ’24 High school Olympiad-level as-
sessment from American Invita-
tional Mathematics Examination

• 15 complex competition problems
• Algebra/Geometry/Number theory focus
• 3-hour time constraint design
• Multi-step reasoning verification

AIME ’25 High school Olympiad-level as-
sessment from American Invita-
tional Mathematics Examination

• 15 complex competition problems
• Algebra/Geometry/Number theory focus
• 3-hour time constraint design
• Multi-step reasoning verification

GSM8K Elementary school math word
problem benchmark • 8,500 graded problems

• Natural language scenarios
• Basic arithmetic operations
• Step-by-step solution validation

MATH-500 Advanced mathematics evalua-
tion set by OpenAI • 500 curated problems

• Formal mathematical notation
• Non-standard solution analysis
• Cross-domain evaluation

AMC 2023 American Mathematics Competi-
tions system • Tiered assessment structure

• Hybrid question types
• Curriculum alignment verification
• Official difficulty metrics

Table 4: Comparison of Mathematical Competition Datasets
Links:

AIME ’24: https://huggingface.co/datasets/HuggingFaceH4/aime_2024;
AIME ’25: https://huggingface.co/datasets/HuggingFaceH4/aime_2025;

GSM8K: https://huggingface.co/datasets/openai/gsm8k;
MATH-500: https://huggingface.co/datasets/HuggingFaceH4/MATH-500;

AMC 2023: https://huggingface.co/datasets/AI-MO/aimo-validation-amc
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Method AIME24 AIME25 MATH500 AMC23

mean@32 pass@32 mean@32 pass@32 mean@8 pass@8 mean@8 pass@8

Qwen3-30B-A3B

Base 17.6 54.2 5.8 27.8 63.3 88.7 41.2 74.3
GRPO 25.7 52.5 15.4 37.0 87.1 92.9 68.7 87.1
w/ Clip-Higher 30.3 51.6 16.5 32.2 86.5 92.1 68.4 82.0
w/ AER (Ours) 33.0 61.6 20.4 39.6 88.7 93.7 71.2 90.7

Llama-3.1-8B-Base

Base 0.0 1.9 0.1 2.2 9.2 30.2 2.8 13.8
GRPO 0.3 5.0 0.1 2.1 13.3 27.6 2.8 11.3
w/ Clip-Higher 0.4 5.3 0.1 2.0 15.9 28.8 0.9 3.9
w/ AER (Ours) 0.9 5.4 0.3 4.9 16.1 32.9 2.8 14.8

Table 5: Scalability and Generalization Analysis. We report the accuracy metrics on Qwen3-30B-A3B and Llama-
3.1-8B-Base. Despite the challenging nature of the LLaMA architecture for reasoning tasks, AER consistently
outperforms baselines across both model scales and families.

C Additional Experiments and Detailed Results 920

Due to space constraints in the main text, we present supplementary experimental results and detailed 921

data in this appendix. We focus on three key aspects: (1) the scalability of our method to larger parameter 922

models, (2) the generalization of our approach to the LLaMA architecture, which has been noted by the 923

community as challenging for mathematical reasoning alignment, and (3) the detailed numerical results 924

corresponding to the experiments presented in the main text. Constrained by computational resources, for 925

these supplementary evaluations, we restricted our comparison to the most widely recognized baselines, 926

and the training duration was limited to fewer than 500 steps. 927

C.1 Scalability Analysis (Qwen3-30B-A3B) 928

We verified the effectiveness of Adaptive Entropy Regularization (AER) on Qwen3-30B-A3B using the 929

same RLVR configuration. As shown in the top section of Table 5, AER consistently outperforms all 930

baselines across the evaluated benchmarks. Notably, on AIME2024, AER achieves a Pass@32 of 61.6%, 931

significantly surpassing the Base model (54.2%) and GRPO (52.5%). Similarly, on MATH500, it reaches 932

a high accuracy of 93.7%. These results confirm that the benefits of entropy-aware exploration scale 933

effectively to the 30B parameter class. 934

C.2 Generalization to Different Architectures (Llama-3.1-8B) 935

To assess architectural robustness, we evaluated AER on Llama-3.1-8B-Base. Consistent with recent 936

community findings, we observed that the LLaMA family is generally more difficult to train for long-CoT 937

reasoning compared to Qwen, resulting in lower absolute baselines. However, as shown in the bottom 938

section of Table 5, AER still yields consistent relative gains. For instance, on MATH500, AER improves 939

performance to 32.9% (Pass@8), outperforming both GRPO (27.6%) and Clip-Higher (28.8%). This 940

suggests that our method’s mechanism is not specific to the Qwen architecture and remains effective in 941

harder-to-align scenarios. 942

C.3 Pass@k as a Function of k (Qwen3 - 8B - Base) 943

Table 6–7 report the exact values underlying the Pass@k–vs.–k plots on AIME2024 and AIME2025. 944

We follow the uniform evaluation setup and the checkpoint-selection protocol in the main text (validation 945

every 20 steps on AIME2025 and selecting the checkpoint with the highest Pass@ 1 per method). All 946

numbers are percentages and are monotone non-decreasing in k as expected. 947

Statistical remarks. (1) Small-k accuracy. At k=32, w/AER attains 63.2% on AIME2024 and 48.9% 948

on AIME2025, improving over Base (48.0%, 35.5%) by +15.2/+13.4 points and over GRPO (47.0%, 949
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Method AIME2024: Pass@k (%)

k=1 k=2 k=4 k=8 k=16 k=32 k=64 k=128 k=256

Base 11.5 15.5 24.2 32.1 40.2 48.0 55.1 60.9 64.3
GRPO 20.5 26.2 31.3 36.4 41.5 47.0 53.5 59.5 63.7
w/Clip-Higher 27.1 34.0 41.0 48.7 55.5 61.5 65.7 68.2 69.5
w/AER 31.4 38.2 45.4 52.0 58.3 63.2 66.4 69.4 72.4

Table 6: Qwen3-8B-Base on AIME2024. Exact Pass@ k values underlying the main-text curve.

Method AIME2025: Pass@k (%)

k=1 k=2 k=4 k=8 k=16 k=32 k=64 k=128 k=256

Base 8.8 14.6 18.9 24.5 31.0 35.5 41.5 46.7 50.3
GRPO 18.5 22.5 25.7 28.4 31.1 34.3 38.1 42.5 47.1
w/Clip-Higher 21.1 24.8 28.8 35.4 42.3 46.9 48.2 51.7 54.6
w/AER 25.1 30.1 35.7 41.0 46.0 48.9 54.7 59.4 62.8

Table 7: Qwen3-8B-Base on AIME2025. Exact Pass@ k values underlying the main-text curve.

34.3%) by +16.2/+14.6 points; it also surpasses w/Clip-Higher (61.5%, 46.9%) by +1.7/+2.0 points.950

(2) Exploration headroom. The gain from k=32 to k=256 for w/AER is +9.2 points on AIME2024951

(63.2→72.4) and +13.9 on AIME2025 (48.9→62.8), exceeding w/Clip-Higher on both splits (+8.0,952

+7.7), indicating a larger pool of viable solutions at higher k. (3) Sample efficiency via k50. Define953

k50 = min{k : Pass@k ≥ 50%}. On AIME2024, k50 is 8 for w/AER, 16 for w/Clip-Higher, and 64 for954

both Base and GRPO. On AIME2025, k50 is 64 for w/AER, 128 for w/Clip-Higher, 256 for Base, while955

GRPO does not reach 50% by k=256. These trends are consistent with the intended effect of adaptive956

entropy regularization.957

C.4 Ablation on Reduction Ratio τ (AER, ρ=0.2)958

We ablate the target-entropy ratio τ ∈ {0.2, 0.3, 0.4, 0.5, 0.6, 0.8, 1.0, 1.2} with ρ fixed at 0.2 on Qwen3-959

8B-Base. Results in Table 8 show that overall accuracy peaks near τ≈0.4 (Avg. = 55.4), and degrades960

as τ increases into the high-entropy regime (τ≥1.0: 54.1/53.1). On the hard splits (AIME2024/2025),961

moderate entropy reduction improves accuracy up to τ=0.4 (31.4/25.1), whereas pushing τ higher962

reduces performance on AIME2025. On AMC23 and MATH500, the trend is milder; AMC23 peaks at963

τ=0.8 (76.6), but the overall average remains best at τ=0.4. These observations support the existence of964

a favorable entropy band centered around τ ≈ 0.4.965

C.5 Ablation on Difficulty Threshold ρ (AER, τ=0.4)966

We ablate the difficulty threshold ρ (formerly denoted ρ; cf. Section §4.2) while fixing the target-entropy967

ratio at τ=0.4. Recall that samples with group accuracy g(q) ≤ ρ receive a positive entropy bonus (hard968

set). Table 9 shows that narrower hard sets (smaller ρ) generally yield higher overall accuracy: the best969

average is obtained at ρ=0.0 (55.8), and performance degrades when ρ is made overly inclusive (e.g.,970

ρ=1.0, 53.5). This indicates that allocating the entropy budget only to the genuinely difficult prompts971

preserves exploitation on easier ones and avoids diluting exploration across too many samples. At the972

dataset level, AIME2025 and AMC23 achieve their peaks at moderate ρ (0.4/0.8 and 0.4, respectively),973

suggesting a mild benefit from targeted—but not indiscriminate—expansion of the hard set.974
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AER (ρ=0.2) AIME2024 AIME2025 AMC23 MATH500 Avg.

τ=0.2 30.8 23.8 73.7 88.9 54.3
τ=0.3 29.8 23.2 75.2 88.8 54.2
τ=0.4 31.4 25.1 75.6 89.4 55.4
τ=0.5 30.5 24.0 75.6 89.3 54.8
τ=0.6 31.4 23.2 75.9 89.2 54.9
τ=0.8 30.0 24.1 76.6 88.9 54.9
τ=1.0 31.1 23.2 72.8 89.2 54.1
τ=1.2 28.7 20.7 74.2 88.8 53.1

Table 8: AER target-entropy ablation (ρ=0.2). Exact accuracy (%). Avg. is the mean over the four datasets. Best
values per column are in bold.

AER (τ=0.4) AIME2024 AIME2025 AMC23 MATH500 Avg.

ρ=0.0 33.1 24.6 75.6 89.7 55.8
ρ=0.2 31.4 25.1 75.6 89.4 55.4
ρ=0.4 30.2 26.1 76.4 89.3 55.5
ρ=0.6 32.1 23.7 75.1 89.5 55.1
ρ=0.8 29.5 26.1 75.9 89.4 55.2
ρ=1.0 29.4 21.4 73.8 89.4 53.5

Table 9: AER ablation on the difficulty threshold ρ (fixed τ=0.4). Exact accuracy (%). Avg. is the mean over the
four datasets. Best values per column are in bold.
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