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Abstract001

Reinforcement Learning with Verifiable Re-002
wards (RLVR) has significantly advanced the003
reasoning capabilities of Large Language Mod-004
els (LLMs). However, methods such as GRPO005
and DAPO suffer from substantial compu-006
tational cost, since they rely on sampling007
many rollouts for each prompt. Moreover, in008
RLVR the relative advantage is often sparse:009
many samples become nearly all-correct or all-010
incorrect, yielding low within-group reward011
variance and thus weak learning signals. In012
this paper, we introduce ARROL (Accelerating013
RLVR via online RoLlout Pruning), an online014
rollout pruning method that prunes rollouts dur-015
ing generation while explicitly steering the sur-016
viving ones more correctness-balanced to en-017
hance learning signals. Specifically, ARROL018
trains a lightweight quality head on-the-fly to019
predict the success probability of partial roll-020
outs and uses it to make early pruning decisions.021
The learned quality head can further weigh can-022
didates to improve inference accuracy during023
test-time scaling. To improve efficiency, we024
present a system design that prunes rollouts025
inside the inference engine and re-batches the026
remaining ones for log-probability computation027
and policy updates. Across GRPO and DAPO028
on Qwen-3 and LLaMA-3.2 models (1B-8B),029
ARROL improves average accuracy by +2.30030
to +2.99 while achieving up to 1.7× training031
speedup, and yielding up to +8.33 additional032
gains in average accuracy in test-time scaling.033

1 Introduction034

Reasoning abilities of Large Language Models035

(LLMs) have recently gained great success in many036

domains such mathematical problem solving and037

code generation (Jaech et al., 2024; Guo et al.,038

2025). Reinforcement Learning with Verifiable039

Rewards (RLVR) (Lambert et al., 2024; Yu et al.,040

2025) as a critical technique plays an important041

role in enhancing reasoning ability of LLMs. A042

representative method is Group Relative Policy043

Optimization (GRPO) (Shao et al., 2024), which 044

utilizes binary rewards such as correctness of a 045

logical problem as learning signals and compute 046

advantages within a group of rollouts per prompt. 047

However, such methods are largely constrained 048

by high computational cost (Xu et al., 2025; Lin 049

et al., 2025). During training, each prompt requires 050

generating a large group of rollouts, which is com- 051

putationally expensive, making training expensive 052

and limiting the practicality of RLVR at scale. 053

To mitigate training cost, prior work has ex- 054

plored several directions. Some studies (Lin et al., 055

2025; Xu et al., 2025) reduce the number of rollouts 056

used for gradient estimation and policy updates. 057

However, these methods typically manipulate roll- 058

outs at the post-generation level; therefore, they do 059

not reduce rollout generation time, which can limit 060

end-to-end speedups. Other studies employ specu- 061

lative decoding to accelerate rollout generation (He 062

et al., 2025; Liu et al., 2025), but they rely on his- 063

torical sequences from previous epochs, which may 064

vary and not suitable for commonly adopted small 065

epochs settings. Moreover, they do not explicitly 066

address a key issue in RLVR with binary rewards 067

(0/1): when rewards within a group are highly im- 068

balanced (e.g., mostly correct or mostly incorrect), 069

the within-group reward diversity becomes low, 070

leading to weak learning signals (Bae et al., 2025). 071

In the extreme case where a group collapses to all 072

0s or all 1s, the group-normalized advantages can 073

degenerate to zero, resulting in a vanishing policy 074

gradient. This motivates a key question: Can we 075

reduce rollout cost while strengthening learning 076

signals? 077

To answer this question, we propose an online 078

rollout pruning method that carefully selects a 079

correctness-balanced subset of rollouts for training 080

during rollout generation using a quality predictor. 081

Concretely, we train a lightweight model head to 082

score early-stage partial rollouts and map the score 083

to an estimated success probability. The rollouts 084
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Figure 1: ARROL overview and results. (a) ARROL uses a quality head to score partial rollouts, enabling early
pruning for efficient and reward-balanced training, and the scores can also be used as voting weights for test-time
scaling. (b) Wall-clock time comparison between ARROL and GRPO across different model backbones, showing
consistent speedups. (c) Accuracy comparison, where ARROL improves average accuracy over GRPO.

with final rewards can naturally be used as train-085

ing data of rollouts, and it introduces negligible086

overhead.087

We compare the quality scores with other heuris-088

tic metrics, such as DeepConf (Fu et al., 2025), and089

show that the scores generated by a learnable head090

are better than trace confidence across datasets, as091

the latter can be biased by patterns (e.g., reflec-092

tions or formula-rich text) and may misalign with093

final correctness. Then, we prune the early-stage094

rollouts based on the quality scores to make the095

correctness of remaining rollouts more balanced.096

This yields a “less is more” effect: fewer rollouts097

continue to generate and involve in advantage com-098

putation, leading to less computation cost, while099

the remaining rollouts provide stronger learning100

signals due to improved balance. Furthermore, the101

learned quality head can naturally serve as a cor-102

rectness predictor to weight candidates in test-time103

scaling to improve accuracy instead of naive ma-104

jority vote.105

To implement online pruning during generation106

and improve efficiency, we integrate pruning into107

a standard frontend–backend RL training architec-108

ture. The backend evaluates rollouts by the quality109

head at an early stage and immediately removes110

pruned sequences from the request pool, allow-111

ing the scheduler to reallocate freed capacity to112

other active sequences and reduce overall genera-113

tion time. The frontend receives pruning masks,114

filters pruned rollouts, and re-batches the survivors115

for log-probability computation and optimization,116

leading to less computational cost as well.117

In summary, our key contributions are as fol-118

lows:119

• Online Rollout Pruning. We propose an 120

online, quality-head-guided rollout pruning 121

strategy, ARROL, which explicitly controls 122

within-group reward balance while reduc- 123

ing compute, improving average accuracy 124

of GRPO/DAPO training on Qwen-3 and 125

LLaMA-3.2 models (1B-8B) by +2.30 to 126

+2.99. 127

• Test-time Scaling. We leverage the trained 128

quality head at inference time as voting 129

weights for test-time scaling, improving final- 130

answer aggregation, leading to +8.33 gains 131

in average accuracy. 132

• System Speedup. We present a system design 133

that realizes end-to-end speedups by pruning 134

inside the generation backend and re-batching 135

survivors in the frontend, achieving 1.6−1.7× 136

speedup. 137

2 Related Work 138

Efficient RLVR. Recent studies improve the ef- 139

ficiency of RLVR from different angles. Some 140

modify rollout construction. For example, S- 141

GRPO (Dai et al., 2025) derives a serial group 142

of rollouts from a single trajectory, which may 143

reduce trajectory diversity. Others leverage his- 144

torical information. GRESO (Zheng et al., 2025) 145

skips likely uninformative prompts before roll- 146

outs. RhymeRL (He et al., 2025) reuses histori- 147

cal rollout tokens by speculative decoding. How- 148

ever, these speedups rely on historical information 149

and can be limited in cold-start settings. Another 150

line targets post-rollout optimization. CPPO (Lin 151

et al., 2025) prunes generated completions, and 152
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PODS (Xu et al., 2025) downsamples a large roll-153

out pool, to accelerate the update phase. However,154

these methods do not directly reduce (and can even155

increase) token-generation cost during rollout. Sev-156

eral works target to accelerating rollout generation.157

Spec-RL (Liu et al., 2025) and FastGRPO (Zhang158

et al., 2025) employ speculative decoding, while159

FlashRL (Yao et al.) and QeRL (Huang et al., 2025)160

use low-precision/quantized rollouts to speed up161

token generation. In contrast, our method uses a162

lightweight logits-based probe to predict rollout163

utility online, enabling training-time pruning with164

controlled signal quality and a unified criterion that165

also supports test-time rollout filtering.166

Test-time Scaling. Test-time scaling (TTS) im-167

proves reasoning performance by allocating addi-168

tional compute at inference time without modifying169

model parameters. TTS is commonly categorized170

into sequential and parallel strategies. Sequential171

TTS increases compute along a single trajectory by172

extending reasoning process or revisiting the initial173

answer. For instance, s1 (Muennighoff et al., 2025)174

proposes budget forcing to terminate trajectories175

early or append double-check tokens to encourage176

rethinking. Other work studies the underthinking177

phenomenon and triggers deeper deliberation if178

necessary (Wang et al., 2025). In contrast, parallel179

TTS samples multiple trajectory candidates and ag-180

gregates them, including Self-Consistency (Wang181

et al., 2022), Best-of-N (Zhou et al., 2022), and182

adaptive voting (Snell et al., 2024). Recent stud-183

ies further explore confidence-based TTS. Deep-184

Conf (Fu et al., 2025) uses log-probability-based185

confidence to prune low-confidence trajectories,186

while CGES (Aghazadeh et al., 2025) employs187

heuristic estimates or reward models to early-stop188

the sampling process. However, these heuristic189

confidence signals are typically not guaranteed to190

align with final-answer correctness, so their reli-191

ability may degrade under distribution shift or in192

out-of-domain settings.193

3 Preliminaries194

Trace Confidence. Recent work leverages195

model-internal uncertainty signals to evaluate196

the quality of an LLM-generated trace. Given197

the predicted token distribution Pt(·) at posi-198

tion t, token confidence is defined as Ht =199

−
∑V

j=1 logPt(j), where V is the vocabulary size.200

Self-uncertainty (Kang et al., 2025) defines trace201

confidence as the average token confidence over the202

trace. DeepConf (Fu et al., 2025) further improves 203

effectiveness and efficiency by computing window- 204

level confidence. Specifically, it averages token 205

uncertainty within a fixed-size sliding window w: 206

Hw = 1
|w|

∑
t∈w Ht, and then aggregates {Hw} 207

along the trace, e.g., using the minimum window 208

value or the average of the bottom 10% windows 209

as the trace-level score. 210

Reinforcement Learning with Verifiable Re- 211

wards (RLVR). Let the large language model 212

be the policy πθ that, given a prompt x, gener- 213

ates a rollout o that contains the reasoning trace 214

and the final answer y. Assume a dataset D = 215

{(xi, ai)}Ni=1, where ai is the ground-truth answer 216

to the prompt xi. We define a verifiable reward 217

R(yi, ai) = 1[yi ≡ ai], where 1[·] ∈ {0, 1} is 218

an indicator that evaluates whether yi and ai are 219

equivalent, e.g., mathematically equivalent. 220

Group-Relative Policy Optimization (GRPO). 221

GRPO (Shao et al., 2024) estimates advantages us- 222

ing the relative performance within a group of an- 223

swers for the same prompt, without a value model. 224

The objective is: 225

J(θ) = E(x,a)∼D,{oi}Gi=1

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min[ri,tAi,

clip(ri,t, 1− ϵ, 1 + ϵ)Ai]− β · KL(πθ||πref ),

226

where G is the group size, ri,t =
πθ(oi,t|oi,<t)
πref(oi,t|oi,<t)

227

is the importance ratio, and Ai = 228
R(yi,ai)−mean({R(yj ,aj)}Gj=1)

std({R(yj ,aj)}Gj=1)
is the group-relative 229

advantage. However, GRPO incurs substantial 230

time cost because it must generate many rollouts 231

per prompt and process them for log-probability 232

computation and policy updates. Also, it can 233

encounter sparse signal issue that rewards within a 234

group are all 0/1 and group-normalized advantages 235

become zero, leading to vanishing gradient. 236

4 Method 237

We introduce ARROL, a rollout pruning method 238

to improve the efficiency of GRPO by balancing 239

0/1 rewards within each group. ARROL trains 240

a lightweight model head, named quality head, to 241

score partial rollouts, and uses these scores to select 242

a balanced subset for training. The learned scores 243

can also be reused as voting weights at test time. 244

We further present a system design that realizes the 245

wall-clock speedup in practice. 246
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4.1 Pruning Improves Sample Balance247

GRPO suffers from sparse signals when the re-248

wards are nearly all 0s or all 1s. Intuitively, a more249

balanced sample group will introduce larger vari-250

ance within a group, leading to non-vanishing gra-251

dients. Also, if samples are balanced, we can avoid252

circumstances in which some groups are dominated253

by a few minority samples, leading to sparse and254

noisy learning signals. Recent studies (Bae et al.,255

2025) provide theoretical support that, under binary256

(0/1) rewards, the learning signal is proportional257

to the reward variance and is maximized when the258

pass ratio (i.e., the fraction of positive samples259

within a group) is close to 0.5, thereby improving260

the effectiveness of RL training. Based on this,261

letting the positive-sample ratio be ρ, we further262

show that rollout pruning can push the empirical263

ratio toward ρ (ideally ρ = 0.5), improving sample264

balance beyond its efficiency gains.265

Lemma 4.1 (Existence of a Corrective Pruning).266

Consider a mini-batch of size G, each with a label267

yi ∈ {0, 1}. We assume a fixed positive ratio ρ ∈268

[0, 1] and conditional independence given latent269

Bernoulli parameters: Yi|q⋆i ∼ Bernoulli(q⋆i ). We270

define the batch mean µ⋆ := 1
G

∑G
i=1 q

⋆
i and the271

pruned mean µ⋆
−j :=

1
G−1

∑
i ̸=j q

⋆
i . If µ⋆ > ρ and272

there exists an index j such that q⋆j > µ⋆, then273

pruning j strictly reduces the deviation to ρ:274 ∣∣µ⋆
−j − ρ

∣∣ < ∣∣µ⋆ − ρ
∣∣.275

Symmetrically, if µ⋆ < ρ and there exists j such276

that q⋆j < µ⋆, then the same conclusion holds.277

Theorem 4.2 (High-probability closeness to tar-278

get ρ). Under the setting of Lemma 4.1. Assume279

we have posterior-mean estimates {qi}Gi=1 satisfy-280

ing the uniform accuracy condition |qi − q⋆i | ≤ ϵ,281

∀i. We define µ−j := 1
G−1

∑
i ̸=j qi, let ȷ̂ :=282

argminj∈[G]

∣∣µ−j −ρ
∣∣, p̂−ȷ̂ :=

1
G−1

∑
i ̸=ȷ̂ Yi, and283

fix any δ ∈ (0, 1). Then, with probability at least284

1− δ, we have285 ∣∣p̂−ȷ̂−ρ
∣∣ ≤ min

j∈[G]

∣∣µ⋆
−j−ρ

∣∣ + 2ϵ +

√
log(2/δ)

2(G− 1)
.286

The proof can be found in Appendix A.1. It implies287

that pruning can reduce the posterior-mean devia-288

tion to a target ratio ρ, and if the posterior estimates289

qi are accurate, then posterior-guided pruning is290

O(ϵ)-close to the true-posterior pruning in terms291

of deviation from ρ. Therefore, setting ρ = 0.5292

can enhance the learning signals and improve the293

effectiveness of training.294

4.2 Quality Prediction Head 295

We have shown that if we have an accurate pos- 296

terior estimate qi for each rollout, we can prune 297

rollouts to control the within-group positive ratio 298

and improve the learning signal. However, qi is not 299

directly observable during generation, especially 300

when we want to prune a rollout early. To opera- 301

tionalize Sec. 4.1, we first construct an early-stage 302

quality score si for a partial rollout, and then map 303

this score to a posterior estimate qi ∈ [0, 1]. 304

Quality Score Prediction. Previous stud- 305

ies (Kang et al., 2025; Fu et al., 2025) introduce 306

internal uncertainty signals, trace confidence, 307

based on the log-probability of next tokens, 308

which can serve as quality scores si. However, 309

these metrics are only indirect proxies of rollout 310

quality. Since they are computed from token-level 311

likelihood without task supervision, they are not 312

guaranteed to align with the final success label. 313

As shown in Fig. 2(a), a failure example indicates 314

that reflection-related tokens tend to receive low 315

confidence despite being beneficial, whereas 316

formula-heavy tokens can receive high confidence 317

even under incorrect reasoning. Therefore, we 318

turn to the model’s hidden representations to 319

generate quality scores of rollouts. Like the next 320

token prediction head in language models, we can 321

also add a rollout quality head to the backbone 322

model, which can be a simple MLP. Since RL 323

naturally provides labeled rollouts, we can train the 324

quality head on-the-fly using cross-entropy loss, 325

whose gradient will be detached from backbone 326

model to avoid possible overhead. To evaluate the 327

effectiveness of the scores from quality head, we 328

collect 4,000 rollouts from two datasets. As shown 329

in Fig. 2(b), the scores given by quality head as 330

quality scores can distinguish the correct rollouts 331

from incorrect ones, with separable distributions of 332

the two categories. Also, quality head scores show 333

a stable Spearman rank correlation across datasets 334

(Fig. 2(c)). 335

Detection Length. Training-time pruning re- 336

quires choosing an intermediate length to evaluate 337

the quality score. Fig. 2(d) reports the correlation 338

between intermediate quality head scores and final 339

correctness, as well as the generation time to reach 340

each length. We find that early detection is reli- 341

able, and choose Ldetect = 512 to balance pruning 342

reliability and time cost. 343
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…Alternatively, maybe think about the problem in terms of the minimal n for each base. For 
each m, the minimal n is 2021 (all ones) …So for $ n = 2022 $, we need: \n\n$$\n2021(a + 
1) = 2022 \Rightarrow a + 1 = \frac{2022}{2021} = 1 + \frac{1}{2021}\n$$\n\n…
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(a) Trace Confidence Failure Modes

(d) Correlation & Time

Figure 2: (a) Trace Confidence Failure Modes: Reflection-related tokens tend to receive low confidence despite
being beneficial, whereas formula-heavy tokens can receive high confidence even under incorrect reasoning. (b)
Distribution Comparison. Trace confidence in (b.1) is less separable between correct/incorrect than quality head
scores in (b.2). (c) Correlation Comparison. Quality-head scores achieve consistently higher correlation, measured
by Spearman rank correlation between the predicted scores (quality scores or trace confidence) and the binary
correctness of final answers on the Math500 and Dapo17k datasets. (d) Generation Length v.s. Correlation & Time
Cost. The time cost increases as the generation length increases, while the correlation plateaus when the length
reaches 512. All the data is generated by Qwen3-4B model on 400 prompts from Dapo17k and Math500 dataset
with 10 rollouts per sample.

Probability Calibration. Given the quality-head344

score si, we need a probability-like posterior es-345

timate qi ∈ [0, 1] to instantiate Sec. 4.1. Since346

the raw score scale may shift during training, we347

adopt an online binned probability estimator to348

map scores to posteriors (Zadrozny and Elkan,349

2001). Concretely, we first normalize the score350

to s′i ∈ [0, 1] and assign it to one of B uniform bins351

denoted as b(s′). For each bin, we maintain the352

numbers of historical positive and negative rollouts353

(with a sliding buffer), and estimate the posterior354

success probability by:355

q(s′) = P (Y = 1|b(s′))

=
πP (b(s′)|Y = 1)

πP (b(s′)|Y = 1) + (1− π)P (b(s′)|Y = 0)
,

356

where π = P (Y = 1), P (b(s′)|Y = 0) and357

P (b(s′)|Y = 1) are estimated by historical in-358

formation from previous steps maintaining with359

a sliding buffer.360

With qi = P (y = 1|si) as an estimate of the361

rollout success probability, we assign each rollout362

a survival probability pi. The design goal is two-363

fold: (i) the expected keep ratio matches a target κ,364

and (ii) the kept rollouts have a controlled positive365

ratio close to ρ. We achieve this by defining pi as a366

monotonic function of (ρ− qi) and normalizing it367

to satisfy the keep-rate constraint. Sampling roll-368

outs according to {pi} allows us to prune multiple369

rollouts in one step while steering the within-group370

balance toward ρ. More details can be found in371

Appendix A.3. 372

4.3 System Design 373

To enable efficient RL training, we adopt a standard 374

frontend-backend architecture and implement roll- 375

out pruning inside the generation backend (Fig. 3). 376

In each training step, we (i) generate rollouts, (ii) 377

compute log-probabilities/advantages, and (iii) up- 378

date the policy. The frontend orchestrates data and 379

runs log-probability computation and policy up- 380

dates, while the backend provides high-throughput 381

rollout generation. (i) Backend. The frontend 382

sends rollout-generation requests to the backend. 383

The backend maintains a request pool and dynami- 384

cally batches active sequences for GPU execution. 385

When a rollout first reaches the detection length 386

Ldetect, the backend evaluates its quality and sam- 387

ples a pruning decision according to the survival 388

probability (Sec. 4.2). Pruned rollouts are immedi- 389

ately removed from the request pool, so the sched- 390

uler can reallocate the freed capacity to other active 391

sequences, reducing the overall generation time 392

without lowering GPU utilization. (ii) Frontend. 393

The backend returns the pruning masks together 394

with the generated rollouts. The frontend filters 395

out pruned rollouts and re-batches the surviving 396

ones to compute log-probabilities and advantages, 397

followed by policy optimization. This reduces the 398

log-probability computation and backpropagation 399

cost roughly in proportion to the number of surviv- 400

ing rollouts. (iii) Quality head. Each rollout is 401
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Figure 3: Illustration of System Design.

naturally labeled by its final reward, so we can col-402

lect training data for the quality head on the fly. We403

update the quality head with a cross-entropy loss,404

while stopping gradients to the backbone model.405

As a result, the additional overhead is negligible.406

For more details, please refer to Fig. 3 and Ap-407

pendix A.4.408

4.4 Test-time Scaling.409

At test time, the trained quality head can also natu-410

rally serve as a correctness predictor. Given a set411

of completed reasoning traces, we apply the head412

to obtain a score si for each candidate. Instead of413

a naive majority vote, we use these scores to cal-414

culate voting weights. Since si is an uncalibrated415

logit-like score, we convert scores to rank-based416

weights by sorting candidates and linearly rescaling417

their ranks to [0, 1].418

5 Experiment419

5.1 Experimental Settings420

We build system based on verl framework for421

training and vLLM framework as inference en-422

gine. We conduct experiments on LLMs of423

different sizes and different series: Qwen-3424

(1.7B, 4B, 8B), and LLaMA-3.2 (1.7B). We425

compare vanilla GRPO (Shao et al., 2024) and426

DAPO (Yu et al., 2025) with their ARROL-427

equipped variants on Math500 (Hendrycks et al.,428

2021), OlympiadBench (He et al., 2024), and Min-429

ervaMath (Lewkowycz et al., 2022) using aver-430

age accuracy, and on AMC’23, AIME’24, and431

AIME’25 using pass@16. When training with432

our method, we use a cold-start period of 20 steps433

to initialize the quality head and the pruning esti-434

mator. For test-time scaling, we report maj@32435

and compare our method against vanilla GRPO 436

and trace score from DeepConf (Fu et al., 2025). 437

More details about the metrics and datasets can be 438

found in Appendix A.2. Models are trained on the 439

Dapo-Math-17K (Yu et al., 2025) dataset with a 440

maximum sequence length of 8,192. The learning 441

rate is set to 1 × 10−6, and the group size is set 442

to 16. Other hyperparameters include κ = 0.5, 443

ρ = 0.5, Ldetect = 512. For GRPO algorithm, we 444

set ϵlow = ϵhigh = 0.2, and for DAPO algorithm, 445

we change ϵhigh to 0.28. The experiments are con- 446

ducted on NVIDIA GH200 GPUs. 447

5.2 Main Results 448

Performances on GRPO. We report perfor- 449

mance comparisons between vanilla GRPO and 450

GRPO equipped with ARROL, as shown in Ta- 451

ble 1. Across most benchmarks, ARROL consis- 452

tently outperforms vanilla GRPO, improving aver- 453

age accuracy by +2.30 to +2.87 on the Qwen-3 454

series and by +2.86 on LLaMA-3.2. Notably, the 455

gains are larger on harder benchmarks: for example, 456

ARROL improves AMC’23 by +7.50 on Qwen-3- 457

1.7B and improves AIME’24 by +10.00 on Qwen- 458

3-8B (and +6.67 on AIME’25). Meanwhile, we 459

observe small regressions on a few datasets (e.g., 460

Minervamath on Qwen-3-1.7B/4B), but the over- 461

all improvement remains consistent. In addition 462

to better performance, ARROL substantially re- 463

duces training cost, achieving a stable 1.6−1.7× 464

end-to-end speedup across model sizes. These re- 465

sults support a “less is more” effect: pruning yields 466

fewer but more balanced samples, leading to both 467

higher accuracy and better efficiency, and the gains 468

are robust across model families and sizes. Finally, 469

the quality head reaches ∼80% prediction accuracy 470

(e.g., 82.37% on Qwen3-1.7B), indicating it can be 471

reliably trained within our pipeline for early-stage 472

pruning decisions. 473

Performances on DAPO. We further evaluate 474

ARROL on DAPO by comparing vanilla DAPO 475

with its ARROL-equipped variant. The results are 476

reported in Table 2. Overall, ARROL achieves the 477

best performance on most benchmarks, improving 478

average accuracy by +2.99 while maintaining a 479

1.70× end-to-end speedup. These results suggest 480

that ARROL generalizes well across RLVR algo- 481

rithms and delivers consistent efficiency gains. 482

Test-time Scaling. To evaluate the quality head 483

at inference time, we compare ARROL against 484

vanilla majority voting and DeepConf (Fu et al., 485

6



Table 1: Performance Comparison on GRPO. We compare our method with vanilla GRPO on six benchmarks across
four models, and also report speedup.

Method Math500 Minervamath OlympiadBench AMC’23 AIME’24 AIME’25 Avg Speedup

Qwen-3-1.7B-Base

GRPO 60.89 17.65 18.55 75.00 20.00 16.67 34.79 -
+ARROL 62.30 16.91 20.81 82.50 23.33 16.67 37.09 1.61×

Qwen-3-4B-Base

GRPO 79.64 30.88 31.37 87.50 36.67 40.00 51.01 -
+ARROL 80.04 28.67 33.33 92.50 40.00 46.67 53.54 1.63×

Qwen-3-8B-Base

GRPO 81.25 32.36 34.69 95.00 56.67 40.00 56.66 -
+ARROL 81.45 34.19 33.18 95.00 66.67 46.67 59.53 1.62×

LLama-3.2-1B-Instruct

GRPO 24.20 3.31 2.26 45.00 13.33 0.00 14.63 -
+ARROL 29.03 4.04 4.37 47.50 16.67 3.33 17.49 1.67×

Table 2: Performance Comparison on DAPO. We compare our method with vanilla DAPO on six benchmarks on
Qwen-3-1.7B-Base, and also report speedup.

Method Math500 Minervamath OlympiadBench AMC’23 AIME’24 AIME’25 Avg Speedup

Qwen-3-1.7B-Base

DAPO 62.10 20.96 20.51 75.00 20.00 20.00 36.43 -
+ARROL 62.10 20.96 20.97 72.50 33.33 26.67 39.42 1.70×

2025), which uses log-likelihood-based trace con-486

fidence as voting weights for final-answer aggre-487

gation. As shown in Table 3, while DeepConf488

improves over majority vote, the learned quality489

head provides consistent gains across datasets and490

models, yielding up to +8.33 additional improve-491

ment over DeepConf. These results suggest that the492

quality head trained during RLVR can serve as reli-493

able confidence weights for test-time voting, out-494

performing model-intrinsic heuristic signals (e.g.,495

DeepConf) that are not guaranteed to align with496

final-answer correctness.497

5.3 Ablation Studies498

Comparison with Random Pruning. To vali-499

date the effectiveness of ARROL, we compare500

it with random pruning in Table 4. ARROL501

consistently outperforms random pruning across502

datasets. We further report the within-group pos-503

itive ratio during training. Specifically, for each504

prompt group we compute ρ̂ as the fraction of pos-505

itive (reward=1) rollouts during training, and re-506

port E[ρ̂] and E[ρ̂(1− ρ̂)] (average across groups).507

For binary rewards, ρ̂(1 − ρ̂) is proportional to 508

the within-group reward variance and is maxi- 509

mized at ρ̂ = 0.5 (Bae et al., 2025), indicating 510

stronger non-degenerate learning signals for group- 511

normalized updates. As shown in Table 4, ARROL 512

drives groups closer to balanced outcomes 0.5 and 513

increases E[ρ̂(1 − ρ̂)], which is consistent with 514

stronger learning signals and better final perfor- 515

mance. 516

Efficiency Decomposition. We further analyze 517

the source of the efficiency gains by decomposing 518

training time into different phases, as shown in Ta- 519

ble 5. Overall, our method accelerates all phases. 520

For log-probability computation and model up- 521

dates, the time is reduced by about 2×, since prun- 522

ing discards roughly half of the rollouts. In con- 523

trast, the speedup for rollout generation is smaller 524

(1.46×), because we first generate all sequences up 525

to a threshold length Lthres before pruning half of 526

the rollouts. 527

Ablation Study on keep ratio κ. In our main ex- 528

periments, we set the keep ratio κ to 0.5. To study 529

7



Table 3: Performance Comparison of Test-time Voting.
We compare our method with GRPO and Deepconf
method on six benchmarks across three models.

Method AMC’23 AIME’24 AIME’25

Qwen-3-1.7B-Base

Majority 55.0 16.7 3.3
Deepconf 57.5 16.7 6.7
ARROL 60.0 23.3 13.3

Qwen-3-4B-Base

Majority 72.5 26.7 20.0
Deepconf 72.5 33.3 23.3
ARROL 82.5 36.7 26.7

Qwen-3-8B-Base

Majority 75.0 23.3 26.7
Deepconf 80.0 23.3 23.3
ARROL 85.0 33.3 33.3

LLama-3.2-1B-instruct

Majority 10.0 0.0 0.0
Deepconf 15.0 3.3 0.0
ARROL 17.5 10.0 0.0

Table 4: Performance Comparison against Random
Pruning. ρ̂ is the fraction of positive (reward=1) roll-
outs during training. For binary rewards, ρ̂(1 − ρ̂) is
proportional to the within-group reward variance and is
maximized at ρ̂ = 0.5.

Method AMC23 AIME24 AIME25 E[ρ̂] E[ρ̂(1− ρ̂)]

Qwen-3-4B-Base

Random 79.34 26.47 31.98 0.32 0.21
ARROL 80.04 28.67 33.33 0.40 0.23

LLama-3.2-1B-instruct

Random 22.18 2.94 3.02 0.14 0.11
ARROL 29.03 4.04 4.37 0.23 0.14

Table 5: Efficiency decomposition for Qwen-3-1.7B-
Base across training phases: rollout generation, log-
probability computation, and model update.

Time/s Generation Logprob Update
GRPO 106.82 18.40 63.05
ARROL 72.96 (1.46×) 10.02 (1.84×) 30.26 (2.08×)

how κ affects both effectiveness and efficiency, we530

evaluate several values of κ. As shown in Table 6, a531

smaller κ yields larger speedup since fewer rollouts532

Table 6: Average accuracy on Math500, MinervaMath,
and OlympiadBench, and training speedup under differ-
ent rollout keep ratios κ for Qwen-3-1.7B-Base.

κ 0.25 0.5 0.75 1

Avg Acc 32.46 33.34 32.68 32.36
Speedup 2.33× 1.61× 1.17× 1.00×

are kept during pruning. Performance generally im- 533

proves as κ decreases, suggesting that pruning can 534

also help by selecting more balanced sample sub- 535

set. However, when κ = 0.25, too many rollouts 536

are removed, leading to a slight performance drop. 537

Overall, κ = 0.5 provides a good trade-off between 538

accuracy and efficiency. 539

Wall-clock convergence. We evaluate wall-clock 540

convergence by plotting training reward against 541

0 2 4 6 8 10
Wallclock Time/104s

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18

Re
wa

rd

GRPO
Ours

Figure 4: Wall-clock convergence
of Qwen-3-1.7B-Base training.

wall-clock time, 542

as shown in 543

Fig. 4. Com- 544

pared with 545

GRPO, our 546

pruning based 547

training reaches 548

the same reward 549

level in less 550

time and attains 551

higher reward 552

earlier across most of training, indicating improved 553

time-to-reward and faster wall-clock convergence. 554

6 Conclusion 555

We presented ARROL, an online rollout pruning 556

approach for RLVR that prunes rollouts during gen- 557

eration while explicitly steering the surviving group 558

toward a more balanced 0/1 reward composition, 559

strengthening learning signals. ARROL trains a 560

lightweight quality head on-the-fly to predict the 561

success probability of partial rollouts, and uses 562

them to make early pruning decisions under a target 563

keep ratio. To realize efficiency gains, we further 564

implemented a system design. Empirically, on dif- 565

ferent models, ARROL consistently improves accu- 566

racy while achieving up to 1.7× training speedup. 567

Moreover, the learned quality head can also be used 568

at test time as voting weights, yielding additional 569

gains over naive majority voting. Overall, ARROL 570

demonstrates a practical “less rollouts, more learn- 571

ing” paradigm for efficient and effective RLVR 572

training and test-time scaling. 573
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Limitations574

Our study mainly focuses on mathematical RLVR575

tasks with verifiable rewards; while the core idea576

(online pruning guided by a correctness predictor577

and balance control) is general and could be ex-578

tended to other reward-based RL scenarios, such579

as UI interaction or tool-use agents, we do not580

validate these domains in this work. In addition,581

training-time pruning needs to generate tokens up582

to an intermediate detection length to evaluate par-583

tial rollouts (we set Ldetect = 512), so the rollout-584

generation speedup can be smaller than the savings585

in later phases because sequences must reach this586

threshold before pruning takes effect.587
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A Appendix 732

A.1 Proof of Theorems in Sec. 4.1 733

Consider a mini-batch of size G, indexed by i ∈ 734

{1, . . . , G}. Each sample has a binary label Yi ∈ 735

{0, 1}. We assume conditional independence given 736

latent Bernoulli parameters: 737

Yi | q⋆i ∼ Bernoulli(q⋆i ), 738

We assume {Yi}Gi=1 are independent given {q⋆i }Gi=1. 739

Here q⋆i := P(Yi = 1 | Xi) is the true posterior. 740

We have an estimated posterior qi satisfying a uni- 741

form accuracy condition 742

|qi − q⋆i | ≤ ϵ, ∀i. 743

For any index j, define the true expected positive 744

ratio after removing j: 745

µ⋆
−j :=

1

G− 1

∑
i ̸=j

q⋆i . 746

Likewise define the estimated ratio based on {qi}: 747

µ−j :=
1

G− 1

∑
i ̸=j

qi. 748

We consider the posterior-guided pruning rule 749

ȷ̂ := arg min
j∈[G]

|µ−j − ρ|, 750

where ρ ∈ [0, 1] is a fixed ratio. 751

Lemma 4.1 (Existence of an improving prune) If 752

µ⋆ > ρ and there exists an index j such that q⋆j > 753

µ⋆, then pruning j strictly reduces the deviation to 754

ρ: 755∣∣µ⋆
−j − ρ

∣∣ < ∣∣µ⋆ − ρ
∣∣. 756

Symmetrically, if µ⋆ < ρ and there exists j such 757

that q⋆j < µ⋆, then the same conclusion holds. 758

Proof. Assume µ⋆ > ρ. If q⋆j > µ⋆, then 759

µ⋆
−j − µ⋆ =

Gµ⋆ − q⋆j
G− 1

− µ⋆ =
µ⋆ − q⋆j
G− 1

< 0, 760

so µ⋆
−j < µ⋆. Since ρ < µ⋆, moving µ⋆ downward 761

moves it toward ρ, hence |µ⋆
−j − ρ| < |µ⋆ − ρ|. 762

The other case is symmetric. 763

Lemma A.1 (Posterior error transfers to batch ra- 764

tio). Given |qi − q⋆i | ≤ ϵ, ∀i, for any j, we have 765

|µ−j − µ⋆
−j | ≤ ϵ. 766
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Proof.

|µ−j − µ⋆
−j | =

∣∣∣ 1

G− 1

∑
i ̸=j

(qi − q⋆i )
∣∣∣

≤ 1

G− 1

∑
i ̸=j

|qi − q⋆i |

=
1

G− 1
(G− 1)ϵ ≤ ϵ.

767

768

Lemma A.2 (Near-optimality of posterior-guided769

pruning). Let j⋆ := argminj |µ⋆
−j −ρ| be the best770

(oracle) removal index. Then given |qi − q⋆i | ≤ ϵ,771

∀i, we have772

|µ⋆
−ȷ̂−ρ| ≤ min

j
|µ⋆

−j−ρ|+2ϵ = |µ⋆
−j⋆−ρ|+2ϵ.773

774

Proof. By triangle inequality and Lemma A.1,775

|µ⋆
−ȷ̂ − ρ| ≤ |µ−ȷ̂ − ρ|+ |µ−ȷ̂ − µ⋆

−ȷ̂|
≤ |µ−ȷ̂ − ρ|+ ϵ.

776

Since ȷ̂ = argmin
j

|µ−j − ρ|,777

|µ−ȷ̂ − ρ| ≤ |µ−j⋆ − ρ|
≤ |µ⋆

−j⋆ − ρ|+ |µ−j⋆ − µ⋆
−j⋆ |

≤ |µ⋆
−j⋆ − ρ|+ ϵ.

778

Then we have |µ⋆
−ȷ̂ − ρ| ≤ |µ⋆

−j⋆ − ρ|+ 2ϵ.779

Lemma A.3 (Concentration of realized ratio780

around its expectation). Let p̂−ȷ̂ :=
1

G−1

∑
i ̸=ȷ̂ Yi,781

µ⋆
−ȷ̂ := 1

G−1

∑
i ̸=ȷ̂ q

⋆
i , where Yi | q⋆i ∼782

Bernoulli(q⋆i ) are conditionally independent. Then783

for any t > 0,784

P
(∣∣p̂−ȷ̂−µ⋆

−ȷ̂

∣∣ ≥ t
∣∣∣ {q⋆i }) ≤ 2 exp

(
−2(G−1)t2

)
.785

786

Proof. Condition on the latent parameters {q⋆i }Gi=1.787

Further condition on the (possibly data-dependent)788

pruned index ȷ̂. Given ȷ̂ = j, the kept labels789

{Yi}i ̸=j remain independent Bernoulli random vari-790

ables with means E[Yi | {q⋆k}, ȷ̂ = j] = q⋆i for all791

i ̸= j. Define centered variables Zi := Yi − q⋆i792

for i ̸= j. Then {Zi}i ̸=j are independent, satisfy793

E[Zi | {q⋆k}, ȷ̂ = j] = 0, and are bounded. Since794

Yi ∈ {0, 1} and q⋆i ∈ [0, 1],795

Zi ∈ [−q⋆i , 1− q⋆i ] ⊆ [−1, 1].796

Additionally, we have 797

p̂−j−µ⋆
−j =

1

G− 1

∑
i ̸=j

(Yi−q⋆i ) =
1

G− 1

∑
i ̸=j

Zi. 798

By Hoeffding’s inequality (Hoeffding, 1963), for 799

any t > 0, we have 800

P
(
p̂−j − µ⋆

−j ≥ t
∣∣∣ {q⋆k}, ȷ̂ = j

)
≤ exp

(
− 2(G− 1)2t2∑

i ̸=j(1− (−1))2

)
=exp

(
− 2(G− 1)t2

)
.

801

Applying the same bound to −(p̂−j − µ⋆
−j) and 802

taking a union bound yields 803

P
(∣∣p̂−j − µ⋆

−j

∣∣ ≥ t
∣∣∣ {q⋆k}, ȷ̂ = j

)
≤ 2 exp

(
− 2(G− 1)t2

)
.

804

Finally, remove the conditioning on ȷ̂: 805

P
(∣∣p̂−ȷ̂ − µ⋆

−ȷ̂

∣∣ ≥ t
∣∣∣ {q⋆k})

=
G∑

j=1

P (ȷ̂ = j | {q⋆k})·

P
(∣∣p̂−j − µ⋆

−j

∣∣ ≥ t
∣∣∣ {q⋆k}, ȷ̂ = j

)
≤2 exp

(
− 2(G− 1)t2

)
.

806

807

Theorem 4.2 (High-probability closeness to target 808

ρ.) Fix δ ∈ (0, 1). Given |qi − q⋆i | ≤ ϵ, ∀i, with 809

probability at least 1− δ, we have 810

∣∣p̂−ȷ̂−ρ
∣∣ ≤ min

j
|µ⋆

−j−ρ| + 2ϵ +

√
log(2/δ)

2(G− 1)
. 811

Proof. By triangle inequality, we have 812

|p̂−ȷ̂ − ρ| ≤ |p̂−ȷ̂ − µ⋆
−ȷ̂|+ |µ⋆

−ȷ̂ − ρ|. 813

Use Lemma A.3 with t =
√

log(2/δ)
2(G−1) and 814

Lemma A.2, we can obtain the theorem. 815

A.2 Details of the Datasets 816

Dapo-Math-17k. DAPO-Math-17k (Yu et al., 817

2025) is a curated collection of mathematical prob- 818

lems paired with verifiable final answers. The prob- 819

lems are sourced from online math resources and 820

manual annotations, and are transformed to require 821

an integer final answer to facilitate easy parsing. 822

The dataset is commonly used for RLVR-style train- 823

ing and evaluation on math reasoning tasks. 824
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Math500. Math500 (Lightman et al., 2023) is825

a subset of the MATH (Hendrycks et al., 2021)826

dataset, containing 500 high-school-level problems.827

It covers a wide range of topics, including alge-828

bra, geometry, and precalculus, and is commonly829

used for comprehensive evaluation of mathematical830

reasoning.831

Minervamath. Minervamath (Lewkowycz et al.,832

2022) consists of 272 problems, sourced primarily833

from MIT OpenCourseWare courses. It is designed834

to evaluate the mathematical and quantitative rea-835

soning capabilities of LLMs.836

OlympiadBench. OlympiadBench (He et al.,837

2024) contains 8,476 Olympiad-level math and838

physics problems, including problems from the839

Chinese college entrance exam. Each problem is840

accompanied by expert annotations with step-by-841

step reasoning.842

AMC’23. AMC’23 is a dataset of 40 problems843

from the 2023 American Mathematics Competi-844

tions (AMC). The final answer is an integer ranging845

from 0 to 999.846

AIME’24/AIME’25. Each dataset contains 30847

challenging problems from the American Invita-848

tional Mathematics Examination (AIME). These849

questions require deep knowledge and techniques,850

especially in combinatorics and geometry. The851

final answer is an integer ranging from 0 to 999.852

For small datasets such as AMC/AIME, repeated853

sampling is often used to reduce evaluation vari-854

ance. Results are typically reported as avg@k, i.e.,855

the average accuracy over k independent repeats, or856

pass@k, i.e., whether at least one of the k samples857

is correct. Maj@k is also commonly used, defined858

as the accuracy of the majority-vote answer among859

k repeats.860

A.3 Details of Calibration Mapping and861

Survival Probability Design862

As stated in Sec. 4.2, in practice, our quality head863

outputs an uncalibrated scalar quality score si for864

each rollout. We first normalize the score to si ∈865

[0, 1] using sigmoid function. We therefore require866

a calibration mapping q(s′) = P (Y = 1|s′i) to867

convert scores into posterior estimates. We design868

an online binned probability calibration.869

We employ an estimator with B bins. Specif-870

ically, we map a score s′ to a bin index b(s′) =871

min(B − 1, ⌊Bs′⌋). We maintain two labeled872

buffers of historical rollouts (positive/negative out- 873

comes) and compute histogram counts 874

c+b = #{k : b(s+k ) = b},
c−b = #{k : b(s−k ) = b}.

(1) 875

To avoid the situation where c
+/−
b = 0 in some

bins and reduce few-sample noise, we further uti-
lize Laplace smoothing α, and estimate the class-
conditional likelihoods:

P (b|Y = 1) = (c+b + α)/(
∑
b′∈[B]

c+b′ + αB),

P (b|Y = 0) = (c−b + α)/(
∑
b′∈[B]

c−b′ + αB).

Given a prior π = P (Y = 1) (estimated from 876

the buffers), we compute posterior-mean estimates 877

via Bayes’ rule: 878

q(s) = P (Y = 1 | b(s))

=
πP (b(s) | Y = 1)

πP (b(s) | Y = 1) + (1− π)P (b(s) | Y = 0)
.

879

Based on qi = P (Y = 1|si), we assign each 880

rollout a survival probability using an affine func- 881

tion of the deviation from ρ: 882

pi = clip(κ+ δ + λ(ρ− qi), pmin, pmax), (2) 883

where κ is the target keep rate, λ controls the 884

strength of balance correction, and δ is a scalar 885

bias. The design goal is: (i) the expected keep ratio 886

matches a target κ, and (ii) the kept rollouts have 887

a controlled positive ratio close to ρ. We solve 888

for δ by binary search such that the expected keep 889

rate matches κ under the current buffer distribu- 890

tion: E [pi] = κ. Finally, clipping to [pmin, pmax] 891

prevents overly aggressive pruning and ensures ev- 892

ery rollout retains a non-zero chance to survive, 893

preserving exploration diversity. 894

In practice, we use λ = 0.5, B = 128. 895

A.4 Algorithm Framework 896

Here we present an algorithm framework to bet- 897

ter illustrate our system containing fronend and 898

backend, as shown Algorithm 1. 899

A.5 Potential Risks 900

We only use public data, and we do not expect any 901

personally identifying information. Our method 902

reduces the cost of RL training, which could lower 903

the barrier to scaling RL-based post-training and be 904

misapplied outside math. We recommend standard 905

safety policies and dataset hygiene when transfer- 906

ring to other domains. 907
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Algorithm 1 ARROL System

Require: Dataset {(xi, ai)}i, batch size B, group size G
FRONTEND

1: for training step t = 1, 2, . . . do
2: Sample prompts {(xi, ai)}Bi=1 and form B×G rollout requests P
3: Compute histogram params ht (binned estimator in Eq. (1), Eq. (2))
4: Stream current policy + quality-head weights to backend
5: Send (P, ht) to backend and wait for responses R (with prune flags)
6: Filter pruned rollouts R → R′, rebatch
7: Compute rewards, log-probs on R′; main RL loss + quality-head loss
8: Backprop and optimizer step on policy and quality head
9: end for

BACKEND
10: while requests arrive do
11: Receive (weights stream,P, h); load/attach weights
12: Insert P into request pool
13: while request pool not empty do
14: Adaptively pick a micro-batch {ri}B

′
i=1 from the pool

15: Do one forward step (prefill/decoding) to get next tokens and quality logits
16: for each ri in the micro-batch do
17: if ri hits Ldetect for the first time then
18: Compute count si and survival prob pi (Eq. (1), Eq. (2))
19: Prune ri w.p. 1− pi; record prune flag
20: end if
21: Remove completed/pruned requests from pool; mark prune flags
22: end for
23: end while
24: Return all responses (with prune flags) to frontend
25: end while

A.6 Declaration of AI Assistance908

We used AI tools solely for language polishing.909

These tools did not contribute to the experiments,910

analysis, results, or scientific claims, and no para-911

graphs were generated by AI.912
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