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Abstract001

Reinforcement Learning with Verifiable Re-002
wards (RLVR) has become a central approach003
for improving the reasoning ability of large004
language models. Recent work studies RLVR005
through token entropy, arguing that high-006
entropy tokens drive exploration and should007
receive stronger updates. However, they over-008
look the fact that most of a reasoning trajec-009
tory consists of low-entropy segments that en-010
code stable and reusable structural patterns.011
Through qualitative and quantitative analyses,012
we find that the overlap of low-entropy seg-013
ments across correct responses strongly cor-014
relates with model accuracy, while overlaps015
involving incorrect responses exhibit stable016
but unproductive patterns. Motivated by these017
findings, we propose LESS, a correctness-018
aware reinforcement framework that performs019
fine-grained advantage modulation over low-020
entropy segments. LESS amplifies segments021
unique to correct responses, suppresses those022
unique to incorrect ones, and neutralizes seg-023
ments shared by both, while preserving high-024
entropy exploration in the underlying RL algo-025
rithm. Instantiated on top of GRPO and GSPO,026
LESS not only improves accuracy over strong027
RL baselines across three backbones and six028
math benchmarks, but also achieves stronger029
robustness of the performance floor.030

1 Introduction031

The reasoning capability of Large Language Mod-032

els (LLMs) plays a central role in tasks such as033

mathematics (DeepSeek-AI et al., 2025; Chen et al.,034

2024), programming (5 Team et al., 2025; Wei035

et al., 2025b; Da et al., 2025), science problem-036

solving (M2 Team et al., 2025; Sellergren et al.,037

2025; Jing et al., 2025), and legal analysis (Zhang038

et al., 2025a,b). Reinforcement Learning with Veri-039

fiable Rewards (RLVR) has emerged as an effective040

approach for improving reasoning reliability, where041

the correctness of the final answer is used as a re-042

ward signal to update the model. Representative043

RLVR methods (Shao et al., 2024; Yu et al., 2025) 044

typically apply policy updates uniformly across all 045

tokens in a generated sequence. 046

Recent studies have argued that different parts 047

of a reasoning sequence contribute differently to 048

the final outcome through the lens of token en- 049

tropy, and that RLVR training should take this into 050

account. They observe that high-entropy tokens 051

often correspond to exploratory reasoning steps, 052

where the model tests alternative solution paths. 053

For example, Cui et al. (2025) show that training en- 054

courages the model to explore uncertain reasoning 055

branches; Zhang et al. (2025) encourage diversity 056

in correct attempts by adjusting update strength in 057

high-entropy regions; and Cheng et al. (2025) show 058

that increasing entropy can improve the ability to 059

search for solutions. Most notably, Wang et al. 060

(2025) study demonstrates that only a small sub- 061

set of tokens with high entropy disproportionately 062

influence reasoning outcomes, suggesting that RL 063

training should focus attention on these regions. 064

While existing entropy-based approaches have 065

shown promising results, they focus almost entirely 066

on high-entropy tokens, treating these points as 067

the main drivers of exploration in reasoning. This 068

overlooks that most of a reasoning sequence is com- 069

posed of low-entropy segments (e.g., Wang et al. 070

(2025) treat about 80% of tokens in a response 071

as low-entropy), which form the stable structural 072

scaffold that shapes how the solution is carried 073

out. To examine the role of these low-entropy seg- 074

ments, we conduct both qualitative and quantitative 075

analyses on RLVR-trained models, which is elab- 076

orated in §2. From the preliminary studies, we 077

have the following observations. First, as shown in 078

Fig 1(a), correct responses share consistent low- 079

entropy segments that reflect coherent and pro- 080

ductive reasoning steps, while incorrect responses 081

also display their own repeated low-entropy pat- 082

terns that represent stable but unproductive rea- 083

soning habits. Second, cross-dataset evaluation 084
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Figure 1: Low-entropy analysis reveals stable reasoning behaviors. Left: a case study where correct and incorrect
responses exhibit shared and distinct low-entropy segments. Right-top: Across math benchmarks, accuracy strongly
correlates with low-entropy segment overlap in correct responses. Right-bottom: During GRPO training of
Qwen2.5-Math-7B, both accuracy and low-entropy overlap rise together, showing that performance gains emerge
alongside the stabilization of reasoning patterns.

in Fig 1(b) shows a strong positive correlation be-085

tween Qwen2.5-Math-7B accuracy and the overlap086

of low-entropy segments in correct responses, indi-087

cating that this relationship holds across tasks and088

model setups. Third, from the training dynamics089

in Fig 1(c), we observe that the model accuracy and090

the overlap of low-entropy segments across correct091

responses increase together, showing that improve-092

ments in reasoning ability are accompanied by the093

consolidation of shared structural patterns. These094

observations suggest that simply emphasizing high-095

entropy regions is insufficient, and the treatment of096

low-entropy segments is directly related to whether097

useful or harmful reasoning routines are reinforced.098

Building on these observations, we introduce099

Low-Entropy Segment Shaping (LESS), a rein-100

forcement learning with verifiable rewards frame-101

work that treats low-entropy structure as an ex-102

plicit training signal. LESS inserts an entropy-103

aware segmentation step into the policy update. For104

each generated solution, it splits the trajectory into105

high-entropy exploration tokens and contiguous106

low-entropy segments, and then aggregates how107

often each segment appears in correct versus in-108

correct responses within a rollout group. These109

statistics are used to rescale token-level advantages110

in a structured way: segments that occur only in111

correct trajectories receive amplified positive ad-112

vantages, segments that occur only in incorrect 113

trajectories receive amplified negative advantages, 114

and segments that co-occur in both are neutralized, 115

while high-entropy tokens keep their original RL 116

updates. In this way, LESS strengthens reusable 117

reasoning structure and suppresses repeated failure 118

patterns without harming exploration. The frame- 119

work is agnostic to the underlying RLVR objec- 120

tive. In this work, we instantiate LESS on top of 121

two widely used multi-sample training methods– 122

Group Relative Policy Optimization (GRPO) (Shao 123

et al., 2024) and Group Sequence Policy Optimiza- 124

tion (GSPO) (Zheng et al., 2025). Extensive ex- 125

periments conducted on six reasoning benchmark 126

demonstrate LESS outperforms popular baseline 127

across almost all tasks and model scales (1.5B, 128

7B math-tuned, and 7B base). In particular, it 129

yields notable improvements on AIME24/25 and 130

AMC23, where stable multi-step reasoning is essen- 131

tial. Moreover, compared to vanilla GRPO, LESS 132

markedly reduces the worst-case dispersion among 133

sampled responses. This aligns with the core goal 134

of LESS—to reinforce beneficial structural seg- 135

ments and suppress misleading ones—ultimately 136

producing more stable and reliable policy updates. 137

In summary, our contributions are three-fold: 138

(1) We introduce a segment-level perspective on 139

RLVR that distingsuishes low-entropy segments 140
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by correctness, revealing stable structural patterns141

in LLM reasoning. (2) We propose LESS, a plug-142

in algorithm that reweights token-level advantages143

by segment statistics, amplifying low-entropy seg-144

ments unique to correct trajectories, suppressing145

those unique to incorrect ones, and neutralizing146

shared segments. (3) We show that LESS consis-147

tently improves accuracy across six mathematical148

reasoning benchmarks and three backbones, while149

also improving robustness under worst@K and re-150

ducing variance across sampled rollouts.151

2 Preliminary Analysis152

We examine low-entropy segments as an indicator153

of stable reasoning behavior in LLMs and study154

how these signals relate to model correctness and155

performance.156

We begin by conducting a qualitative experiment157

to visualize the entropy structure of multiple re-158

sponses produced for the same question. Specifi-159

cally, we analyze the token-level entropy patterns160

of Qwen2.5-Math-7B on the mathematical reason-161

ing dataset (Hendrycks et al., 2021), which enables162

us to separate responses into stable and unstable re-163

gions and to identify the parts of the model’s reason-164

ing that remain consistently preserved across differ-165

ent outputs. As shown in Fig. 1 (a), high-entropy166

tokens (in red) mark unstable regions where the167

model varies its reasoning, while low-entropy seg-168

ments reveal stable structures that the model consis-169

tently reuses. Within these low-entropy segments,170

we observe three distinct patterns. (1) Segments171

shared only by correct responses (in blue) corre-172

spond to productive reasoning steps that reliably173

support the correct solution. (2) Segments shared174

only by incorrect responses (in green) reflect stable175

but unproductive reasoning habits, for example, the176

repeated computation “212
392 · 2520 = 212·2520

392 =?”.177

(3) Segments shared by both correct and incorrect178

responses (in orange) capture general reasoning179

components that are stable but not predictive of cor-180

rectness—for instance, invoking “the Pythagorean181

theorem,” which provides a common derivation182

framework but is not the source of the subsequent183

correct or incorrect calculations. This evidence184

shows low-entropy segments encode structured rea-185

soning behaviors that differentiate effective and186

ineffective model responses.187

To test whether the qualitative patterns extend188

beyond a single example, we measure the over-189

lap of low-entropy segments across correct re-190

sponses for a range of math benchmarks, includ- 191

ing AIME24, AIME25, AMC23, MATH500, Min- 192

erva, and the Omni-MATH series. As shown in 193

Fig.1 (b), benchmark accuracy is strongly cor- 194

related with the degree of low-entropy overlap 195

across correct responses (Pearson r = 0.94 and 196

p-value = 1.81e−6). Benchmarks with higher ac- 197

curacy, such as MATH500 and Omni-MATH-3, ex- 198

hibit clear clustering toward higher overlap ratios, 199

while lower-accuracy benchmarks show weaker 200

consistency in their stable segments. The fitted 201

regression line further highlights this trend, indi- 202

cating that stronger task performance is associated 203

with more consolidated reasoning structure and 204

greater reuse of stable low-entropy patterns. Sim- 205

ilar positive correlations (Appendix A.6) are ob- 206

served across several other backbones. 207

We further examine how these patterns evolve 208

during learning. Using GRPO training of Qwen2.5- 209

Math-7B, we track both accuracy and low-entropy 210

segment overlap over training steps. As shown 211

in Fig. 1 (c), the two trajectories rise together 212

throughout training: early stages display low accu- 213

racy and fragmented low-entropy structure, while 214

later stages show increasing stability in low-entropy 215

segments alongside improved accuracy. This syn- 216

chronous growth suggests that the model’s reason- 217

ing becomes more consistent as training progresses 218

and that stable low-entropy segments emerge as the 219

model acquires more reliable reasoning routines. 220

These results confirm that low-entropy overlap re- 221

flects not only final performance but also the de- 222

velopmental trajectory of the model’s reasoning 223

behavior. We observe the same co-evolution pat- 224

tern (Appendix A.5) on Qwen2.5-Math-1.5B and 225

Qwen2.5-7B. 226

These results show that low-entropy segments 227

provide a reliable signal for understanding and 228

guiding model reasoning. They capture stable com- 229

putational routines that distinguish correct from 230

incorrect behavior, reflect the degree of structural 231

consistency across benchmarks, and track the de- 232

velopment of reasoning stability during learning. 233

These observations suggest low-entropy segments 234

can serve as informative targets for optimization, 235

enabling the model to strengthen productive reason- 236

ing routines while suppressing unproductive ones. 237

3 Methodology 238

Motivated by these findings, we propose Low- 239

Entropy Segment Shaping (LESS), an RLVR frame- 240
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work that improves reasoning stability by reshap-241

ing token-level advantages using statistics of low-242

entropy segments across sampled responses. LESS243

is compatible with standard RLVR algorithms and244

can be used as a plug-in module, and we instantiate245

it on top of GRPO and GSPO in this work.246

3.1 LESS: Low-Entropy Segment Shaping247

Given an input question q, the policy generates a248

group of responses G = {O1, . . . , OG}, LESS de-249

tects low-entropy segments and shapes correspond-250

ing advantages as follows:251

Entropy-based segment extraction. For a Oi =252

[t1, . . . , t|Oi|], the entropy of token tj is253

Htj = −
∑
v∈V

πθold(v | x,Oi<j) log πθold(v | x,Oi<j).

(1)254

Following Wang et al. (2025), we compute an en-255

tropy threshold τi for each response Oi as the h-256

quantile of its token entropies Htj . We then treat257

high-entropy tokens as isolated positions and group258

consecutive low-entropy tokens into contiguous259

spans. A minimum length µ is used to filter out260

trivial low-entropy spans (such as punctuation or261

very short frequent phrases). This gives three types262

of entropy-based structures:263

Shigh
i = {tj ∈ Oi | Htj ≥ τi},

S frag
i = {Oi[a:b] | b− a+ 1 < µ, ∀tj ∈ [a, b] : Htj < τi},
Sseg
i = {Oi[a:b] | b− a+ 1 ≥ µ, ∀tj ∈ [a, b] : Htj < τi},

(2)264

where Shigh
i collects individual high-entropy tokens,265

S frag
i contains short low-entropy fragments that are266

likely uninformative, and Sseg
i contains longer low-267

entropy segments that we regard as structured rea-268

soning candidates. Then, we aggregate how often269

each Sseg
i appears in correct versus incorrect re-270

sponses within a rollout group. Let Nr and Nw de-271

note the number of correct and incorrect responses272

in G. For a low-entropy segment σ, we count its273

frequency over the group:274

nr(σ) = |{i | correcti = 1 ∧ σ ∈ Sseg
i }|,

nw(σ) = |{i | correcti = 0 ∧ σ ∈ Sseg
i }|.

(3)275

Advantage shaping. LESS modifies the advan-276

tage assigned to each token tj in Oi as:277

Âi
j =



Ai, tj ∈ Shigh
i ,

Ai/Nr, tj ∈ Sfrag
i , correcti = 1,

Ai/Nw, tj ∈ Sfrag
i , correcti = 0,

0, σi
j ∈Sseg

i , nr > 0, nw > 0,

(nr/Nr)Ai, σi
j ∈Sseg

i , nr > 0, nw = 0,

(nw/Nw)Ai, σi
j ∈Sseg

i , nr = 0, nw > 0.

(4)278

This rule: (i) preserves exploratory high-entropy 279

behavior, (ii) reinforces stable segments unique to 280

correct responses, (iii) penalizes those unique to 281

incorrect responses, (iv) ignores ambiguous seg- 282

ments shared by both groups. The full pseudocode 283

of LESS and its time complexity analysis are given 284

in Appendix A.1. 285

3.2 Instantiations 286

LESS is designed as a generic advantage–shaping 287

framework and can be applied to current RLVR 288

methods that computes token- or sequence-level ad- 289

vantages. In this work, we instantiate LESS using 290

the GRPO (Shao et al., 2024) and GSPO (Zheng 291

et al., 2025). These methods are particularly suit- 292

able for our setting because it (i) generates a group 293

of responses for each query, allowing entropy- 294

based statistics to be computed across samples, and 295

(ii) performs stable clipped-ratio updates that inter- 296

act well with our advantage shaping. 297

LESS with GRPO. For an input query q, 298

the policy produces G responses with rewards 299

{r1, . . . , rG}. GRPO standardizes these rewards 300

to obtain group-relative advantages: 301

Ai =
ri −mean(r1:G)

std(r1:G)
. (5) 302

GRPO then updates the policy by maximizing a 303
clipped likelihood-ratio objective regularized by a 304
KL constraint toward a reference policy: 305

JGRPO(θ) = E

[
1

G

G∑
i=1

1

|oi|
(min(αiAi, α̃iAi)− κi)

]
. 306

where αi =
πθ(oi | x)

πθold(oi | x)
, α̃i = clip(αi, 1− ϵ, 1 + ϵ), 307

κi = β DKL(πθ ∥πref) , (6) 308

GRPO’s group-wise credit assignment is well 309

aligned with LESS, since the same group of re- 310

sponses used for reward normalization is also used 311

by LESS to compute low-entropy statistics. Re- 312

placing Ai in Eq. 6 with the shaped advantage Âi
j 313

in Eq. 4 yields our LESS-GRPO training objective. 314

LESS with GSPO. GSPO differs from GRPO 315
by performing importance weighting and clipping 316
at the sequence level. Given the same group of 317

responses {oi}Gi=1, GSPO defines the sequence- 318
level importance ratio and optimizes 319

JGSPO(θ) = E

[
1

G

G∑
i=1

1

|oi|

(
min(βiAi, β̃iAi)− κi

)]
. 320

where βi =

(
πθ(oi | x)

πθold(oi | x)

) 1
|oi|

, κi = β DKL(πθ ∥πref) , 321

β̃i = clip(βi, 1− ϵ, 1 + ϵ), (7) 322
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Similarly, to integrate LESS with GSPO, we retain323

GSPO’s sequence-level importance weighting but324

replace the scalar group advantage Ai Eq.7 with325

token-level shaped advantages in Eq.4.326

4 Experiments327

We answer the following research questions with328

experiments: RQ1:How does LESS affect perfor-329

mance across diverse benchmarks when applied330

on top of standard RLVR algorithms (GRPO and331

GSPO), compared with strong baselines? RQ2:332

How does LESS influence the training dynamics333

of LLM reasoning, compared with GRPO, in terms334

of accuracy growth, stability. RQ3: How do LESS335

and GRPO differ in the evolution of entropy-based336

reasoning structures during training? RQ4: Does337

LESS improve worst-case reasoning robustness338

compared with GRPO across different model sizes?339

RQ5: How sensitive is LESS to the minimum340

segment-length µ, and how does varying µ affect341

the stability and final accuracy of reinforcement-342

learning-based reasoning?343

4.1 Experimental Setup344

Datasets and evaluation metrics. Follow-345

ing (Shen, 2025), we train the models on the MATH346

dataset (Hendrycks et al., 2021), which contains347

7,500 problems spanning algebra, geometry, count-348

ing, probability, number theory, and other areas.349

The dataset is widely adopted in LLM reasoning350

research due to its breadth and the step-wise rea-351

soning it elicits, making it particularly suitable for352

entropy-based structure analysis.353

In terms of the evaluation, we assess the trained354

models on a suite of standard mathematical rea-355

soning benchmarks: MATH500 (Hendrycks et al.,356

2021), Minerva Math (Lewkowycz et al., 2022),357

OlympiadBench (He et al., 2024), AIME’24, and358

AIME’25 (LI et al., 2024). These datasets collec-359

tively cover varying difficulty levels and reason-360

ing types, allowing us to examine whether LESS361

consistently improves reasoning stability. For all362

benchmarks except AIME, we report accuracy un-363

der greedy decoding, which is commonly used in364

math reasoning evaluation. For AIME’24/25, we365

follow prior works(Yu et al., 2025; Zheng et al.,366

2025; Yue et al., 2025) and compute the avg@32367

accuracy by averaging predictions over 32 sampled368

rollouts. This protocol reduces the variance intro-369

duced by integer-answer formats and ensures fair370

comparison across RL-trained models.371

Backbone LLM and baselines. We evaluate 372

LESS on three Qwen2.5 family: Qwen2.5-Math- 373

1.5B, Qwen2.5-Math-7B, and the general-purpose 374

Qwen2.5-7B model (Qwen et al., 2024). These 375

models allow us to test LESS across (i) different 376

parameter scales and (ii) models with and without 377

domain-specific pretraining. 378

We compare LESS against strong RLVR systems 379

including: GRPO (Shao et al., 2024), the canonical 380

multi-sample policy-gradient method and the un- 381

derlying backbone of many reasoning RL pipelines; 382

Forking Tokens (Wang et al., 2025), an approach 383

that identifies repeated reasoning fragments to ad- 384

just token-level credit assignment. KL-Cov (Cui 385

et al., 2025), an entropy-based mechanism that 386

modulates KL penalties using covariance between 387

reward and token log-probs. These baselines repre- 388

sent the closest lines of work involving token-level 389

structure, multi-sample variance reduction, and 390

entropy-informed regularization, making them the 391

most relevant comparisons for evaluating LESS. 392

Implementation details. We provide compre- 393

hensive implementation details in Appendix A.3. 394

Our code is available at https://anonymous. 395

4open.science/r/LESS-2543/. 396

4.2 Overall Performance 397

To answer RQ1, we conduct experiments on seven 398

reasoning benchmarks across three Qwen2.5 back- 399

bones. Table 1 shows that LESS consistently out- 400

performs all RL baselines on every backbone. On 401

the math-specialized 1.5B model, LESS (GRPO) 402

attains the highest average score, with clear gains 403

on challenging tasks such as AIME24, AIME25, 404

and AMC23, indicating that entropy-aware ad- 405

vantage shaping improves reliability over token- 406

level clipping and forking-based updates. For the 407

stronger 7B math model, LESS (GRPO) further 408

raises the average to 47.7, with the largest mar- 409

gins on MATH500 and OlympiadBench, suggest- 410

ing that the method strengthens multi-step rea- 411

soning structure rather than only local symbolic 412

steps. On the 7B base model without math spe- 413

cialization, LESS (GRPO) still brings consistent 414

gains, showing that the approach generalizes be- 415

yond math-aligned checkpoints. When instantiated 416

with GSPO, LESS also yields improvements over 417

vanilla GSPO across two 7B backbones, supporting 418

its role as a generic credit-shaping module. Over- 419

all, LESS delivers the best average performance in 420

every setting, improving both easy and hard rea- 421
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Table 1: Overall performance on mathematical reasoning benchmarks. AIME24/25 are evaluated with avg@32;
other benchmarks use @avg1. Bold numbers are the best in each column. ‘†’ indicates the model significantly
outperforms all baseline models with paired t-tests at p < 0.05 level.

Method AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Avg

Qwen2.5-Math-1.5B

Base LLM 6.2 3.8 37.5 58.6 15.8 26.5 24.7
Forking Tokens 21.6 7.0 60.0 75.6 29.0 38.5 38.6
KL-Cov 22.0 9.2 57.5 75.8 27.9 38.4 38.4
GRPO 21.6 6.6 57.5 74.8 27.2 39.6 37.8
LESS (GRPO) 26.2† 12.4† 62.5† 75.2 30.8† 39.6 41.1†

Qwen2.5-Math-7B

Base LLM 6.0 8.9 57.5 58.6 28.7 38.0 32.9
Forking Tokens 36.6 14.2 67.5 78.2 37.8 42.2 46.0
KL-Cov 35.2 14.1 70.0 78.6 38.2 43.7 46.6
GSPO 36.8 13.2 70.0 79.8 36.7 42.7 46.5
LESS (GSPO) 40.0† 13.6 67.5 79.6 37.3 44.3 47.0
GRPO 33.3 13.8 65.0 79.8 38.6 44.9 45.9
LESS (GRPO) 36.0 15.6† 70.0 81.6† 37.8 45.7† 47.7†

Qwen2.5-7B

Base LLM 3.2 5.2 37.5 53.4 18.0 23.9 23.5
Forking Tokens 20.2 12.3 62.5 77.8 37.5 40.6 41.8
KL-Cov 18.7 10.8 60.0 77.0 37.9 40.8 40.9
GSPO 18.3 11.2 62.5 78.4 36.3 40.2 41.1
LESS (GSPO) 19.2 11.6 62.5 77.8 37.8 41.8† 41.8
GRPO 18.9 11.9 60.0 76.8 37.1 40.9 40.9
LESS (GRPO) 20.5† 13.1† 67.5† 78.6† 37.1 40.8 42.9†

(a) Qwen2.5-Math-1.5B (b) Qwen2.5-Math-7B (c) Qwen2.5-7B

Figure 2: Training dynamics (accuracy over training) of GRPO and LESS across three backbones.

soning benchmarks. Unless otherwise stated, all422

detailed analyses in the following section use the423

GRPO-based instantiation of LESS.424

4.3 Training Dynamics Analysis425

To answer RQ2, we examine LESS and GRPO on426

how accuracy and entropy-based structure evolve427

throughout training. As shown in Fig. 2, across428

all three backbones, LESS exhibits a characteris-429

tic two-phase learning pattern. In the early stage,430

LESS improves slightly slower than GRPO because431

its advantage shaping reduces the update magni-432

tude on low-entropy segments until the model ac-433

cumulates enough evidence to distinguish produc-434

tive from unproductive ones. However, as training435

progresses, LESS consistently surpasses GRPO436

and maintains a higher accuracy plateau, indicating 437

more stable policy improvement. 438

To answer RQ3, we analyze how the overlap of 439

correct low-entropy segments and the entropy struc- 440

ture of incorrect responses evolve during reinforce- 441

ment learning. Fig. 3 reports training dynamics 442

on Qwen2.5-Math-7B; similar trends on Qwen2.5- 443

Math-1.5B and Qwen2.5-7B are presented in Ap- 444

pendix A.4. 445

The top row of Fig. 3 shows that LESS consis- 446

tently yields a higher overlap ratio of correct-only 447

low-entropy segments as training progresses. This 448

indicates that LESS explicitly amplifies structurally 449

productive reasoning patterns that appear repeat- 450

edly in correct trajectories. In contrast, GRPO 451

shows a flatter trend, suggesting that it does not 452
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Figure 3: Training-dynamics comparison between
LESS and GRPO on Qwen2.5-Math-7B. Top: Ratio of
low-entropy segments that overlap exclusively among
correct responses (higher is better). Bottom: Ratio be-
tween the entropy of incorrect responses and correct re-
sponses (higher indicates that incorrect answers remain
exploratory). LESS consistently strengthens productive
low-entropy structures while preventing premature en-
tropy collapse in incorrect trajectories.

reliably consolidate these stable reasoning com-453

ponents. The clearer upward trajectory of LESS454

reveals that the model is progressively internaliz-455

ing reusable, high-quality reasoning routines rather456

than relying on isolated or brittle solution paths.457

The bottom row of Fig. 3 further shows that458

LESS maintains a higher entropy ratio between459

incorrect and correct responses, meaning that incor-460

rect trajectories remain more uncertain. This sepa-461

ration is desirable, that is, LESS avoids prematurely462

stabilizing low-entropy segments that consistently463

lead to wrong answers, thereby reducing the risk464

of “locking in” systematic errors. GRPO, however,465

frequently collapses the entropy gap, causing incor-466

rect responses to become low-entropy as well—an467

indication that harmful patterns are becoming en-468

trenched in the policy.469

These results show that LESS not only improves470

performance, but also progressively increases the471

overlap of correct low-entropy segments while472

keeping incorrect trajectories uncertain, creating a473

clear structural separation between productive and474

Table 2: Worst-case reasoning performance (worst@k)
across three backbones. For each prompt, the worst-
performing sample among k rollouts is selected and
averaged over the dataset. LESS consistently improves
worst-case accuracy across all settings.

Method worst@32 worst@16 worst@8

Qwen2.5-Math-1.5b

GRPO 6.8 8.0 10.8
LESS(GRPO) 12.9 15.6 18.2

Qwen2.5-Math-7b

GRPO 13.4 17.4 20.6
LESS(GRPO) 21.2 22.2 24.3

Qwen2.5-7B

GRPO 10.3 11.3 12.9
LESS(GRPO) 11.1 12.0 13.4

Figure 4: Standard deviation of 32 sampled responses
(std@32). LESS reduces response-level variability
across all backbones, indicating more stable and less
volatile reasoning behavior compared with GRPO.

unproductive reasoning. 475

4.4 Robustness Under Worst-Case Sampling 476

To answer RQ4 and examine the robustness of the 477

learned policy, we employ the worst@k metric, 478

which selects the lowest-scoring output among k 479

sampled responses and averages this worst-case 480

score across prompts. This metric directly mea- 481

sures how the model behaves in its most vulnerable 482

failure modes. 483

As shown in Table. 2, across all three backbones, 484

LESS consistently improves worst-case accuracy. 485

For Qwen2.5-Math-1.5B and Qwen2.5-Math-7B, 486

LESS achieves substantial gains, raising worst@32 487

by +6.1 and +7.8 points respectively, with positive 488

margins maintained as k decreases. This pattern 489

shows that LESS not only lifts average performance 490

but also strengthens the weakest trajectories, sup- 491

pressing brittle low-entropy patterns that GRPO 492

tends to reinforce. Even on the non-math Qwen2.5- 493

7B model, LESS produces steady improvements, 494

indicating that its robustness effects generalize be- 495
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Figure 5: Effect of the low-entropy segment length
threshold µ = {3, 5, 7} on training dynamics. We report
accuracy over training steps.

yond specialized mathematical checkpoints.496

The variance results shown in Fig. 4 further rein-497

force this finding: LESS consistently reduces the498

standard deviation of sampled rollouts (std@32),499

yielding more stable and predictable reasoning500

behavior. Together, the worst@k and variance501

metrics demonstrate that LESS raises the floor of502

model performance while simultaneously mitigat-503

ing response-level volatility.504

These results show that LESS meaningfully im-505

proves robustness by raising the floor of model per-506

formance while simultaneously reducing instability507

across sampled rollouts.508

4.5 Impact of the Segment Length509

To answer RQ5, we study the sensitivity of LESS510

to the minimum segment-length threshold µ, we511

vary µ ∈ {3, 5, 7} and track training dynamics on512

Qwen2.5-Math-7B. As shown in Figure 5, µ = 5513

produces the most stable and highest final accuracy514

across the entire training trajectory. A very small515

threshold (µ = 3) makes the model overly sensitive516

to short, noisy low-entropy fragments, causing the517

policy to reinforce many spurious local patterns and518

resulting in pronounced fluctuations. Conversely,519

a larger threshold (µ = 7) filters out too many520

low-entropy segments, delaying the discovery of521

reliable reasoning motifs and slowing convergence.522

The superior performance of µ = 5 suggests that523

effective low-entropy guidance requires a balance:524

segments must be long enough to encode meaning-525

ful reasoning structure, yet short enough to capture526

fine-grained patterns that recur across correct tra-527

jectories. This indicates that LESS benefits from528

moderately sized structural units and is robust to529

reasonable choices of µ, but extremely small or530

large thresholds degrade the quality of structural531

signals made available to the policy.532

5 Related Work 533

Token credit assignment. Vassoyan et al. 534

(2025) identify critical tokens in chain-of-thought 535

solutions– decision points where the model is likely 536

to fail, and increase exploration around these to- 537

kens by adjusting the KL penalty. Lin et al. (2024) 538

likewise locate tokens that strongly influence incor- 539

rect outcomes and show that editing or replacing 540

these tokens can change the final decision. Other 541

work (Chan et al., 2024; Xie et al., 2025; Guo 542

et al., 2025; Wei et al., 2025a) addresses the coarse- 543

grained nature of standard RL feedback by con- 544

structing dense, token-level rewards to resolve the 545

credit assignment problem. These methods demon- 546

strate that tokens within a trajectory should not be 547

treated uniformly, but they still operate on local 548

positions and do not capture how stable patterns re- 549

peat across multiple rollouts of the same question. 550

Entropy-based RL signals. Wang et al. (2025) 551

split trajectories at high-entropy tokens and update 552

only a subset of tokens, aiming to reduce over- 553

optimization on already confident regions. Cui et al. 554

(2025) further modulate the KL penalty based on 555

token-level uncertainty, encouraging updates where 556

the model is less certain and damping updates on 557

low-entropy tokens. In these approaches, high- 558

entropy tokens serve as a proxy for exploration, 559

while low-entropy regions are treated as parts of 560

the trajectory that should be protected from change. 561

However, they do not distinguish low-entropy pat- 562

terns that are consistently correct from those that 563

encode repeated mistakes. 564

6 Conclusion 565

This paper presents a new perspective on training 566

reasoning LLMs: reasoning should be guided at 567

the level of low-entropy segments. Building on 568

this insight, we propose LESS, a plug-and-play 569

advantage-shaping framework that selectively am- 570

plifies reliable low-entropy reasoning segments 571

and suppresses error-prone ones. Instantiated with 572

GRPO and GSPO, LESS improves accuracy, stabil- 573

ity, and robustness across multiple backbones and 574

benchmarks. The framework consistently strength- 575

ens correct reasoning routines, preserves explo- 576

ration on incorrect trajectories, and raises the worst- 577

case performance of sampled rollouts. These re- 578

sults show that low-entropy structural signals offer 579

a principled and effective handle for guiding RL 580

training of reasoning models. 581
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7 Limitations582

We believe there is still room for improvement in583

our work. Our preliminary analysis and all main584

experiments are conducted on the Qwen2.5 family.585

We do not test LESS on other backbones such as586

Llama, so it is unclear whether the same entropy587

patterns and gains will hold more broadly. In ad-588

dition, following Wang et al. (2025), we fix the589

entropy quantile and length threshold to extract590

low-entropy segments. We do not yet study how591

different quantiles, adaptive thresholds, or alterna-592

tive segmentation rules would affect the learned593

segments and the final performance.594
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A Appendix807

A.1 Algorithm and Time Complexity Analysis808

Algorithm 1 LESS: Low-Entropy Segment Shap-
ing

1: Input:
2: Group of responses G = {O1, . . . , OG}, to-

ken advantages A = {Ai
j | tj ∈ Oi, i =

1, . . . , G}, token entropies H = {Hi
j |

tj ∈ Oi, i = 1, . . . , G}, correctness labels
{correct1, . . . , correctG}, entropy quantile h,
minimum segment length µ.

3: Output: Shaped advantages A′ = {Âi
j | tj ∈

Oi, i = 1, . . . , G}
4: Nr ←

∑
i I[correcti = 1]; Nw ←∑

i I[correcti = 0]
5: for each response Oi do
6: Compute entropy threshold τi from

{Hi
j}tj∈Oi using quantile h

7: Segment Oi into Shigh
i , S frag

i , Sseg
i using τi

and µ (Eq. (2))
8: end for
9: Σ← ∅ {set of unique low-entropy segments}

10: for each response Oi do
11: for all σ ∈ Sseg

i do
12: if no σ′ ∈ Σ is a contiguous segments of

σ then
13: Σ← Σ ∪ {σ}
14: Remove from Σ any σ′ that is strictly

contained in σ
15: end if
16: end for
17: end for
18: for all σ ∈ Σ do
19: Compute nr(σ) and nw(σ) according to

Eq. (3)
20: end for
21: for each response Oi do
22: for each token tj ∈ Oi do
23: Set Âi

j according to Eq. (4)
24: end for
25: end for
26: return A′ = {Âi

j}

The overall LESS procedure is summarized in809

Algorithm 1. Given a group of responses and their810

token-level entropies, we first compute an entropy811

threshold for each response and segment it into812

high-entropy tokens, short low-entropy fragments,813

Table 3: Prompt template used for all experiments.
{question} is replaced by the problem description.

Prompt Template

<|im start|>system
Please reason step by step, and put your final
answer within \boxed{}.
<|im end|>
<|im start|>user
{question}
<|im end|>
<|im start|>assistant

and longer low-entropy segments (Eq. (2)). We 814

then build a set Σ of non-redundant low-entropy 815

segments across the group by keeping only seg- 816

ments that are not strictly contained in longer ones. 817

For each segment σ ∈ Σ, we count how many cor- 818

rect and incorrect responses it appears in (Eq. (3)), 819

and finally assign a shaped advantage to every to- 820

ken based on its entropy category and the statistics 821

of the segment it belongs to (Eq. (4)). The resulting 822

token-level advantages A′ can be plugged into any 823

group-based RLVR update. 824

In terms of complexity, when the batch size is 825

B, the group size is G, and the maximum response 826

length is L, the segmentation and shaping opera- 827

tions visit each token a constant number of times, 828

giving a practical time complexity of O(BGL). 829

Under our main setting (batch size 512, group size 830

8, average response length about 800), LESS adds 831

roughly 60 seconds of overhead in our implemen- 832

tation, which is small compared to the overall RL 833

training time. 834

A.2 Prompt Template 835

We use a unified prompt template for all training 836

and evaluation experiments, adapted from the offi- 837

cial Qwen-Math template (Yang et al., 2024). The 838

concrete format is shown in Table 3. 839

A.3 Implementation Details 840

We conduct experiments using the VeRL (Sheng 841

et al., 2024) framework for reinforcement learn- 842

ing with LLMs on 8 NVIDIA A100-40G GPUs. 843

The training setup includes a batch size of 512, a 844

learning rate of 1× 10−6, and a clip range between 845

0.2 and 0.28. Each response sequence is up to 3k 846

tokens in length. The mini-batch size is set to 32. 847

The temperature is 1.0 for training and 0.1 for eval- 848

uation. Following prior RLVR work (Liu et al., 849

2025; Yang et al., 2025), we perform 8 rollouts 850

per promp and do not use entropy regularization or 851

11



(a) Qwen2.5-Math-1.5B (b) Qwen2.5-7B

(c) Qwen2.5-Math-1.5B (d) Qwen2.5-7B

Figure 6: Training-dynamics comparison between LESS and GRPO across two model sizes. Top: Ratio of low-
entropy segments that overlap exclusively among correct responses (higher is better). Bottom: Ratio between the
entropy of incorrect responses and correct responses (higher indicates that incorrect answers remain exploratory).

KL penalties during training (KL coefficient = 0,852

entropy loss = 0), allowing us to isolate the effect853

of LESS from other types of regularization. This854

choice also reveals whether LESS alone can stabi-855

lize reasoning trajectories without relying on heavy856

KL anchoring. We use a unified prompt format for857

all experiments, and the exact template is provided858

in Appendix A.2.859

A.4 Additional Training Dynamics Analysis860

Fig. 6 presents the same training-dynamics analysis861

for Qwen2.5-Math-1.5B and Qwen2.5-7B. Across862

both backbones, LESS consistently increases the863

overlap of correct-only low-entropy segments dur-864

ing training and maintains a higher entropy ratio865

between incorrect and correct responses. These866

trends mirror the behavior observed on Qwen2.5-867

Math-7B, indicating that the structural effects of868

LESS are stable across model scales and are not869

specific to a single backbone.870

A.5 Additional Overlap–Accuracy Curves871

To check whether the correlation between low-872

entropy overlap and accuracy holds beyond873

Qwen2.5-Math-7B, we repeat the analysis in § 2874

on Qwen2.5-Math-1.5B and Qwen2.5-7B. Figure 7875

shows that, under GRPO training, the overlap ra- 876

tio of low-entropy segments in correct responses 877

grows together with accuracy for both backbones. 878

Early in training, both curves are low and noisy; as 879

learning proceeds, the overlap becomes higher and 880

smoother while accuracy also rises. These results 881

support our claim that low-entropy segment overlap 882

tracks the formation of stable reasoning routines 883

across different model sizes and pretraining setups. 884

A.6 Additional Accuracy–Overlap 885

Correlations 886

In § 2, we report that, for Qwen2.5-Math-7B, 887

benchmark accuracy is strongly correlated with 888

the overlap of low-entropy segments across cor- 889

rect responses. To test the robustness of this phe- 890

nomenon, we repeat the correlation analysis on four 891

additional backbones: Qwen2.5-7B, DeepSeek-R1- 892

Distill-Llama-8B, DeepSeek-R1-Distill-Qwen-7B, 893

and Qwen2.5-Math-1.5B-Oat-Zero. 894

Figure 8 summarizes the results. For each back- 895

bone, we compute four overlap ratios at the bench- 896

mark level: (i) overlap among all responses, (ii) 897

overlap among correct responses only, (iii) over- 898

lap among segments shared by correct and incor- 899

rect responses, and (iv) overlap among incorrect 900

12
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(b) Qwen2.5-7B

Figure 7: GRPO training curves on two additional backbones. We plot the overlap ratio of low-entropy segments in
correct responses (left y-axis, blue) and accuracy (right y-axis, red) over training steps for (a) Qwen2.5-Math-1.5B
and (b) Qwen2.5-7B. In both models, low-entropy overlap and accuracy increase in tandem, echoing the trend
observed for Qwen2.5-Math-7B in the main text.

responses only. We then correlate each ratio with901

benchmark accuracy.902

Across all five backbones, we observe a con-903

sistent pattern: overlap among correct responses904

shows the strongest positive correlation with ac-905

curacy, overlap among all responses and shared906

segments yields weaker but still positive correla-907

tions, and overlap among incorrect-only segments908

is weakly correlated or even negatively correlated.909

These additional results support our claim that sta-910

ble low-entropy structure in correct trajectories is a911

reliable indicator of reasoning quality, while over-912

lap driven by incorrect trajectories does not trans-913

late into better performance.914
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(a) Qwen2.5-Math-7B

(b) Qwen2.5-7B

(c) DeepSeek-R1-Distill-Llama-8B

(d) DeepSeek-R1-Distill-Qwen-7B

(e) Qwen2.5-Math-1.5B-Oat-Zero

Figure 8: Additional correlations between accuracy and low-entropy segment overlap across backbones. Panels
(a)–(e) report, for Qwen2.5-Math-7B, Qwen2.5-7B, DeepSeek-R1-Distill-Llama-8B, DeepSeek-R1-Distill-Qwen-
7B, and Qwen2.5-Math-1.5B-Oat-Zero, the Pearson correlations between benchmark accuracy and four overlap
ratios: all responses, correct-only responses, segments shared by correct and incorrect responses, and incorrect-only
responses. Each point is a benchmark; the red line and shaded area show the fitted regression and its confidence
band. Across models, accuracy is most strongly aligned with overlap among correct responses.
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