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Abstract001

Reinforcement Learning with Verifiable Re-002
wards (RLVR) has emerged as an important003
paradigm for unlocking reasoning capabilities004
in large language models, exemplified by the005
success of OpenAI o1 and DeepSeek-R1. Cur-006
rently, Group Relative Policy Optimization007
(GRPO) stands as the dominant algorithm in008
this domain due to its stable training and critic-009
free efficiency. However, we argue that GRPO010
suffers from a structural limitation: it imposes a011
uniform, static trust region constraint across all012
samples. This design implicitly assumes signal013
homogeneity, a premise misaligned with the014
heterogeneous nature of outcome-driven learn-015
ing, where advantage magnitudes and variances016
fluctuate significantly. Consequently, static con-017
straints fail to fully exploit high-quality signals018
while insufficiently suppressing noise, often019
precipitating rapid entropy collapse. To address020
this, we propose Elastic Trust Regions (ETR),021
a dynamic mechanism that aligns optimization022
constraints with signal quality. ETR constructs023
a signal-aware landscape through dual-level024
elasticity: at the micro level, it scales clipping025
boundaries based on advantage magnitude to026
accelerate learning from high-confidence paths;027
at the macro level, it leverages group variance028
to implicitly allocate larger update budgets to029
tasks in the optimal learning zone. Extensive030
experiments on AIME and MATH benchmarks031
demonstrate that ETR consistently outperforms032
GRPO, achieving superior accuracy while ef-033
fectively mitigating policy entropy degradation034
to ensure sustained exploration.035

1 Introduction036

Reinforcement Learning (RL) has become a central037

technique for improving the reasoning capabilities038

of Large Language Models (LLMs) (Achiam et al.,039

2023; Touvron et al., 2023; Grattafiori et al., 2024;040

Team, 2025), particularly in domains that require041

multi-step inference, such as mathematics, coding,042
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Figure 1: Not all learning signals deserve equal trust.
ETR replaces GRPO’s fixed threshold with dynamic
bounds that expand at the macro-level for valuable sam-
ples and contract at the micro-level for uncertain steps.

and logical problem solving (Ouyang et al., 2022; 043

Guo et al., 2025; Jaech et al., 2024; Shao et al., 044

2024; Zhang et al., 2025b). 045

Early approaches primarily relied on Re- 046

inforcement Learning from Human Feedback 047

(RLHF) (Schulman et al., 2017b), where a learned 048

reward model approximates human preferences 049

and guides policy optimization. While effective, 050

reward-model-based pipelines introduce additional 051

sources of noise and biases, and often struggle to 052

provide fine-grained supervision for tasks with ob- 053

jectively verifiable outcomes (Wen et al., 2025b; 054

Wang et al., 2025). To address these limitations, 055

Reinforcement Learning with Verifiable Rewards 056

(RLVR) has recently gained prominence (Wen 057

et al., 2025a; Zhang et al., 2025a) and is widely 058

applied in existing reasoning models (Guo et al., 059

2025; Team et al., 2025). In RLVR settings, re- 060

wards are derived directly from ground-truth out- 061

comes, such as solution correctness or test case 062

pass rates, providing precise and unambiguous op- 063

timization signals. This paradigm has proven par- 064

ticularly effective for mathematical reasoning and 065
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program synthesis, where correctness can be au-066

tomatically verified. A popular approach, Group067

Relative Policy Optimization (GRPO) (Shao et al.,068

2024), has emerged due to its simplicity and effi-069

ciency. By computing relative advantages within070

sampled groups and eliminating the need for an ex-071

plicit value function, GRPO significantly reduces072

computational overhead while retaining strong em-073

pirical performance.074

Despite its empirical success, GRPO largely075

inherits from Proximal Policy Optimization’s076

(PPO) (Schulman et al., 2017b) static trust region077

design, enforcing a fixed update constraint across078

all samples and groups. We argue that this assump-079

tion is poorly suited for RLVR, where training sig-080

nals are inherently heterogeneous. Specifically,081

advantage values can vary widely in magnitude082

and sign, and query prompts differ substantially083

in difficulty, leading to groups with distinct sta-084

tistical properties. Statistical principles suggest085

that groups with pass rates near 50% exhibit maxi-086

mum variance and contain the richest gradient in-087

formation(Zhang et al., 2025b). A uniform clipping088

threshold thus misallocates optimization capacity,089

over-constraining informative samples while insuf-090

ficiently regulating low-quality and noisy ones. In091

practice, this mismatch leads to inefficient learning092

and rapid policy entropy collapse, thereby limiting093

exploration and generalization in reasoning tasks.094

To address these issues, we Elastic Trust095

Regions (ETR), a dynamic constraint mechanism096

that adapts policy updates to outcome statistics.097

Instead of enforcing a fixed clipping threshold,098

ETR adjusts the effective trust region based on099

both sample-level advantages and group-level vari-100

ance. This design allocates larger update budgets101

to more informative samples and groups, enabling102

difficulty-aware optimization and implicitly encour-103

aging a curriculum over the given prompts, apply-104

ing adequate constraints to groups with varying105

information density. ETR integrates seamlessly106

with GRPO-style objectives and improves training107

stability without introducing additional networks108

or supervision.109

Our contributions are summarized as follows:110

1. We identify The Static Mismatch, a fundamen-111

tal limitation of static trust regions in GRPO112

due to heterogeneous, outcome-driven train-113

ing signals and systematically analyze their114

impact on policy diversity and learning effi-115

ciency.116

2. We propose Elastic Trust Regions (ETR), a 117

general dynamic constraint mechanism that 118

adapts policy updates with both sample-level 119

advantages and group-level variance, enabling 120

an implicit curriculum learning over prompt 121

difficulty. 122

3. Through extensive experiments on mathemat- 123

ical reasoning benchmarks, we demonstrate 124

that ETR consistently outperforms GRPO and 125

its Clip-High variant across all base mod- 126

els. Specifically, on the Qwen3-8B base- 127

line, ETR achieves a +7.7% gain on AMC23 128

(+5.6% over Clip-High) and a +2.6% gain on 129

AIME25 (+2.3% over Clip-High) over GRPO, 130

while also showing robust generalization on 131

out-of-distribution tasks and substantially mit- 132

igating rapid policy entropy decay. 133
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Figure 2: Comparison of optimization landscapes be-
tween GRPO and ETR. Left (GRPO): the static clip-
ping range suffers from static mismatch, where high-
value signals (green stars, large advantage) are aggres-
sively truncated, limiting efficient learning. Right
(ETR): our method creates a signal-aware adaptive
boundary. By scaling the trust region proportional to sig-
nal strength, ETR successfully encapsulates both high-
advantage samples while constraining negative signals
(red triangles) to ensure stability.

2 Preliminaries 134

We consider the Reinforcement Learning with Ver- 135

ifiable Rewards (RLVR) setting for LLMs. The 136

policy πθ generates a response o given a query q. 137

Proximal Policy Optimization (PPO). 138

PPO (Schulman et al., 2017b) stabilizes training by 139

constraining policy updates within a trust region. 140

It employs a clipped surrogate objective to prevent 141

destructive large updates. The objective function is 142

defined as: 143

JPPO(θ) = Et [min (rt(θ)At, Lt(θ)At)] (1) 144
145

Lt(θ) = clip(rt(θ), 1− ϵ, 1 + ϵ) (2) 146
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where rt(θ) =
πθ(at|st)

πθold
(at|st) is the probability ratio.147

To estimate the advantage At, PPO typically relies148

on a learned value function Vϕ(s) and utilizes Gen-149

eralized Advantage Estimation (GAE) (Schulman150

et al., 2015) to balance bias and variance.151

Group Relative Policy Optimization (GRPO).152

GRPO (Shao et al., 2024) eliminates the need for153

a value network. For each query q, it samples154

a group of G outputs {o1, . . . , oG} from the old155

policy πθold . The advantage Ai is computed by156

normalizing the intra-group rewards in G.157

The objective function of GRPO can be divided158

into two main parts: i) a clipped surrogate objec-159

tive (to limit the update step from πθold) (that maxi-160

mizes the reward / advantage of the sampled group,161

while the clipping limits the updated gradient step)162

and ii) a KL penalty term (to keep the policy close163

to the reference model πref ).164

JGRPO(θ) = E

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

(
min

(
rtAt,

clip(rt, 1− ϵ, 1 + ϵ)At

)
− βDKL(πθ||πref )

)]
(3)

165

where rt = πθ(ot|q,o<t)
πθold

(ot|q,o<t)
is the probability ratio166

between the current and old policies, and β is the167

coefficient for the KL regularization term towards168

the reference model.169

3 Methodology170

In this section, we formalize the optimization land-171

scape of reasoning tasks. We first identify the172

theoretical limitations of static clipping (Sec 3.1)173

and derive the optimal dynamic boundary from a174

weighted trust region framework (Sec 3.2). Finally,175

we instantiate this framework into the Elastic Trust176

Regions (ETR) algorithm (Sec 3.3).177

3.1 Theoretical Diagnosis: The Static178

Mismatch179

To understand the limitations of current RLVR180

methods, we revisit the local optimization objec-181

tive of Trust Region methods. For a single sample,182

the objective with a KL divergence penalty β is183

approximated via a second-order Taylor expansion184

as maxr r · A − β
2 (r − 1)2. Solving for the opti-185

mal update step r∗, we obtain a linear relationship186

|r∗ − 1| ∝ |A|/β.187

This relationship reveals that the optimal update 188

magnitude is inherently dependent on the signal 189

strength A. Crucially, this implies that the ideal 190

trust region is not a constant, but a dynamic vari- 191

able determined by the confidence of the policy’s 192

evaluation. However, existing algorithms like PPO 193

and GRPO enforce a uniform, fixed constraint 194

|r − 1| ≤ ϵ, disregarding the specific utility of 195

each token. This imposes a "one-size-fits-all" lim- 196

itation: updates driven by high-quality reasoning 197

paths are inadequately capped, while updates from 198

ambiguous or noisy samples are allowed dispro- 199

portionate freedom. We formalize this structural 200

inefficiency as the Static Mismatch: 201

Definition 3.1: The Static Mismatch

The Static Mismatch denotes the misalignment
between a fixed threshold ϵ and the hetero-
geneous nature of training signals. Micro-
level (Magnitude): For high-advantage sam-
ples, the theoretical optimal step exceeds the
static bound (|r∗−1| > ϵ), leading to aggressive
gradient truncation and the under-utilization of
golden signals. Macro-level (Variance): The
fixed threshold ignores the varying difficulty
across problem groups, applying identical con-
straints to distributions with vastly different
variance profiles and information densities.

202

3.2 Theoretical Framework: Signal-Aware 203

Trust Regions 204

To resolve this mismatch, we propose to replace 205

the uniform trust region assumption with a Signal- 206

Aware Weighted Constraint. Instead of enforcing 207

a uniform budget E[DKL] ≤ δ for all data points, 208

we introduce a scaling factor ρt ≥ 1 representing 209

the signal quality of the t-th token: 210

Et

[
1

ρt
DKL(πθold ||πθ)

]
≤ δ (4) 211

In this formulation, a larger ρt reduces the effective 212

penalty weight of the KL divergence. This justifies 213

allowing a larger deviation for samples with high 214

signal quality. By solving the Lagrangian dual of 215

this constrained optimization problem, we derive 216

the optimal form of the clipping boundary. This 217

theoretical result serves as the cornerstone of our 218

method, explicitly dictating that the trust region 219

radius should not be static, but must scale dynam- 220

ically with the signal strength to balance stability 221

and efficiency. 222
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Reasoning Trace:
Step 1 to Step 4: ……So the answer should be 16.
Step 3:Wait, noted that x ≡ 1	(mod	x − 1). 

Therefore, for any integer k ≥ 0 , we have x! ≡ 1! ≡
1	(mod	x − 1).

Step 4 to Step 6: ……The final answer should be 32.

Question: Find the sum of all integers x, where 𝑥 ≥
3	,such that 201020112012" (interpreted as a base x
number) is divisible by x − 1.

Outcome Metrics (Micro): 
Final Reward: 𝑅 = 1.0
Estimated Advantage (𝐴#)	: +1.85 (High Signal)
Micro Adjustment (𝑆): +0.10

Task Difficulty (Macro): 
Pass Rate (𝑝$)	: 0.48
Macro Adjustment (𝒢)	: +0.10

Applying ETR: 
Token Sequence: ”.”, “Wait”, “,”, “Noted”
Policy Ratio (𝑟#)	: 1.10,	1.38 (Peak!),	1.25,	1.15,	1.05
Clipping Bound: 0.30, 0.40, 0.35,	0.32,	0.28

Figure 3: A case study on a high-difficulty reasoning step. We visualize the policy ratio trajectory for a critical
step that requires a large update (≈ 1.38). (a) GRPO (limit 1.20) clips the gradient greatly, losing information. (b)
& (c) Applying only Micro or Macro adjustments alleviates this issue, but still results in some clipping. (d) Full
ETR combines both adjustments, raising the dynamic boundary to 1.40 to capture the peak learning signal. This
demonstrates how ETR prevents the loss of crucial information in important sparse-reward reasoning tasks.

Theorem 3.1: Optimal Dynamic Boundary

To satisfy the signal-aware weighted constraint,
the clipping threshold ϵ∗(t) for the t-th sample
must scale with the square root of its signal
strength ρt:

ϵdynamic(t) = ϵbase ·
√
ρt (5)

This theorem provides the mathematical justi-
fication for dynamic clipping: the trust region
radius should inherently scale with the confi-
dence of the learning signal.

223

3.3 Elastic Trust Regions (ETR)224

Guided by Theorem 3.1, we propose ETR. We pa-225

rameterize the scaling factor ρt using two additive226

terms to ensure numerical stability and decouple227

the hyperparameters.228

Algorithm Formulation: Dynamic Threshold ϵt

We define the dynamic clipping threshold ϵt as
the base threshold adjusted by micro-level and
macro-level elasticity:

ϵt = ϵbase + S(At)︸ ︷︷ ︸
Micro

+G(pg)︸ ︷︷ ︸
Macro

(6)

where S(At) accounts for sample-level signal
strength, and G(pg) accounts for group-level
learnability.

229

Micro-Level Adjustment (S). We define the 230

sample-level term to adapt to the magnitude and 231

sign of the advantage. We employ the hyperbolic 232

tangent function to bound the adjustment range. 233

• For positive samples (At > 0), we relax the 234

upper bound to allow for larger updates on 235

correct paths. 236

• For negative samples (At < 0), we adjust 237

the lower bound to maintain stability against 238

errors. 239

S(At) = λ1 · tanh(At) (7) 240

Macro-Level Adjustment (G). We define the 241

group-level term based on the variance of the group 242

outcomes. For a group with pass rate pg, the vari- 243

ance is proportional to pg(1− pg). 244

G(pg) = λ2 · 4pg(1− pg) (8) 245

Insight: Implicit Curriculum Learning

The macro-level term G(pg) reaches its maxi-
mum when pg ≈ 0.5 (maximum variance) and
approaches zero when pg ≈ 0 or 1. This in-
troduces an Implicit Curriculum Learning
mechanism: the algorithm automatically allo-
cates a larger update budget to tasks within the
“optimal learning zone” (high variance), while
maintaining conservative constraints on tasks
that are currently too hard or too easy.

246
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Final Objective. Integrating the dynamic bound-247

ary into the GRPO framework, the ETR loss func-248

tion is computed by substituting ϵt into the standard249

clipped objective:250

JETR(θ) = E

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

(
min

(
ri,tAi,

clip(ri,t, 1− ϵi,t, 1 + ϵi,t)Ai

)
− βDKL(πθ||πref )

)]
(9)251

Through this mechanism, ETR dynamically aligns252

the optimization constraints with the statistical253

properties of the data.254

4 Experiments255

In this section, we empirically evaluate the pro-256

posed ETR method on multiple mathematical rea-257

soning benchmarks. Our experiments aim to ver-258

ify the performance of the dynamic trust region259

mechanism across different task difficulties, ana-260

lyze its impact on training convergence and policy261

exploration, and validate the effectiveness of its262

individual design components.263

4.1 Experimental Setup264

Benchmarks. We assess the reasoning capa-265

bilities of the models using a diverse set of266

datasets. For in-distribution evaluation, we uti-267

lize MATH500 (Hendrycks et al., 2021) and268

AMC23(Li et al., 2024) to represent stan-269

dard competition-level problems, and AIME270

2024(Lewkowycz et al., 2022) and AIME 2025 to271

represent high-difficulty olympiad problems. The272

AIME datasets contain sparse correct paths, serving273

as a critical testbed for our signal-aware hypoth-274

esis. For these tasks, we report both Mean@32275

and Best@32 accuracy to measure average per-276

formance and exploration ceilings, respectively.277

To evaluate generalization capabilities, we em-278

ploy out-of-distribution (OOD) benchmarks includ-279

ing GPQA-Main, GPQA-Diamond (Rein et al.,280

2024), and ACPBench (Kokel et al., 2025), report-281

ing Pass@1 accuracy. The training data is derived282

from the DAPO-Math-17k (Yu et al., 2025) dataset.283

Baselines and Implementation. We conduct284

experiments using the verl reinforcement learn-285

ing framework, utilizing FSDP for training and286

vLLM for inference on 8×H20 GPUs. The287

experiments cover multiple model architectures:288

Qwen3-8B-Base (Yang et al., 2025), Llama- 289

3.1-8B-Instruct (Grattafiori et al., 2024), and 290

Qwen2.5-7B-Math (Yang et al., 2024). Our pri- 291

mary baseline is Group Relative Policy Opti- 292

mization (GRPO) with a static clipping threshold 293

(ϵ = 0.2). To investigate the effect of simply re- 294

laxing the constraint, we also compare against a 295

GRPO-Clip-High variant inspired by (Yu et al., 296

2025) with ϵ = 0.28. ETR is implemented within 297

the same codebase, modifying only the clipping 298

logic in the loss function. We set the group size 299

G = 8 and the sampling temperature to 1.0. The 300

reward function is strictly outcome-based (+1 for 301

correct, -1 for incorrect). All models are trained 302

using the AdamW optimizer. For ETR, the micro- 303

level coefficient λ1 and macro-level coefficient λ2 304

are both set to default values of 0.1. 305

4.2 Main Results 306

Table 1 presents the performance comparison 307

across all benchmarks. ETR consistently outper- 308

forms the static GRPO and the Clip-high baselines 309

across different model families. 310

Performance on Hard Tasks. Notably, the per- 311

formance gain provided by ETR increases with 312

task difficulty. On the challenging AIME 2024 and 313

AIME 2025 datasets, ETR achieves substantial im- 314

provements in the Best@32 metric. This confirms 315

that in hard tasks, where correct reasoning paths 316

are rare and yield high advantage values, the static 317

clipping mechanism leads to under-fitting. ETR’s 318

elastic boundary effectively captures these sparse, 319

high-value signals, allowing the model to capitalize 320

on successful exploration. 321

Out-of-Distribution Generalization. ETR also 322

demonstrates consistent improvements on OOD 323

tasks (GPQA and ACPBench). We attribute this 324

generalization capability to the suppression of over- 325

fitting. Static clipping constraints can force the 326

model to overfit specific templates in the training 327

set to maximize rewards within a restricted policy 328

space. By tightening constraints on low-signal sam- 329

ples and relaxing them for high-confidence updates, 330

ETR maintains higher policy diversity, encourag- 331

ing the learning of robust reasoning logic rather 332

than dataset-specific patterns. 333

4.3 Analysis of Training Process 334

We analyze the evolution of accuracy and policy en- 335

tropy during training to understand the mechanism 336

behind the performance gains. 337
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Table 1: Main results on in-distribution and out-of-distribution benchmarks. In-distribution metrics are reported as
Mean@32 / Best@32. Highlighted rows indicate our ETR method. Bold denotes the best performance within
each model family.

Method
In-Distribution (Math Reasoning) Out-of-Distribution

(Mean@32 / Best@32) (Pass@1)

AMC23 AIME24 AIME25 MATH500 Avg. GPQA-M GPQA-D ACP

Model: Qwen3-8B-Base
Base Model 0.317 / 0.850 0.016 / 0.166 0.037 / 0.289 0.378 / 0.892 0.187 / 0.549 0.301 0.283 0.515
GRPO 0.713 / 0.949 0.160 / 0.344 0.228 / 0.497 0.782 / 0.890 0.471 / 0.670 0.353 0.384 0.562
GRPO + Clip-High 0.734 / 0.950 0.185 / 0.469 0.231 / 0.448 0.799 / 0.916 0.487 / 0.696 0.346 0.354 0.567
GRPO + ETR 0.790 / 0.967 0.195 / 0.482 0.254 / 0.532 0.819 / 0.926 0.515 / 0.727 0.393 0.444 0.590

Model: Llama-3.1-8B-Instruct
Base Model 0.070 / 0.486 0.029 / 0.168 0.003 / 0.063 0.059 / 0.403 0.040 / 0.280 0.281 0.227 0.464
GRPO 0.161 / 0.538 0.051 / 0.165 0.007 / 0.122 0.073 / 0.336 0.073 / 0.290 0.324 0.333 0.478
GRPO + Clip-High 0.170 / 0.640 0.038 / 0.186 0.008 / 0.157 0.088 / 0.449 0.076 / 0.358 0.326 0.313 0.485
GRPO + ETR 0.178 / 0.693 0.049 / 0.202 0.016 / 0.203 0.203 / 0.604 0.112 / 0.426 0.339 0.354 0.516

Model: Qwen2.5-7B-Math-Base
Base Model 0.233 / 0.797 0.002 / 0.042 0.000 / 0.000 0.349 / 0.870 0.146 / 0.427 0.250 0.253 0.428
GRPO 0.442 / 0.829 0.204 / 0.360 0.119 / 0.295 0.586 / 0.885 0.338 / 0.592 0.275 0.278 0.437
GRPO + Clip-High 0.605 / 0.919 0.199 / 0.316 0.168 / 0.370 0.677 / 0.914 0.412 / 0.630 0.266 0.268 0.443
GRPO + ETR 0.622 / 0.925 0.215 / 0.358 0.141 / 0.376 0.717 / 0.911 0.424 / 0.643 0.257 0.323 0.445

Figure 4: Val Accuracy on AIME 2024/2025 using
Qwen3-8B-Base. Standard GRPO (yellow) suffers
from performance collapse in later learning stages.
ETR (blue) maintains a steady upwards trend in both
Mean@32 and Best@32.

Mitigating Late-Stage Collapse. Figure 4 illus-338

trates the validation accuracy on AIME 2024. Stan-339

dard GRPO exhibits significant instability in the340

later stages of training. After reaching a peak, the341

Best@32 metric begins to decline. We attribute342

this not to traditional overfitting, but to entropy col-343

lapse. In the multi-sampling setting (G = 32), if344

the policy becomes deterministic, the diversity of345

Figure 5: Policy Entropy Evolution. GRPO collapses
to zero, limiting exploration. Clip-High leads to high,
unstable entropy. ETR maintains healthy entropy levels,
facilitating sustained learning.

generated responses vanishes. Once the model con- 346

verges to a sub-optimal path, it loses the capability 347

to explore and sample correct answers, leading to 348

the degradation of the Best@32 metric. In con- 349

trast, ETR (Blue line) maintains a robust upward 350

trajectory without collapse. This proves that the dy- 351

namic boundary mechanism effectively stabilizes 352

the policy update throughout the training process. 353

Entropy Evolution. Figure 5 depicts the evolu- 354

tion of policy entropy. 355
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GRPO: The entropy drops rapidly to near-zero, in-356

dicating premature convergence to a deterministic357

distribution.358

GRPO-Clip-High: Increasing the static threshold359

to 0.28 prevents entropy collapse but leads to se-360

vere oscillations and a continuous rise in entropy361

in later stages. This suggests that unconstrained362

exploration introduces harmful noise that does not363

translate into performance gains.364

ETR: ETR exhibits a "dip-and-rebound" pattern.365

Entropy decreases initially as the model learns, but366

stabilizes or recovers in later stages. This resilience367

indicates that the elastic boundary allows the model368

to re-expand its search space when high-value sig-369

nals are encountered, maintaining a balance be-370

tween exploitation and exploration.371

4.4 Ablation Study372

We verify the design choices of ETR through two373

sets of ablation studies.374

Component Effectiveness. We compare the full375

ETR with variants where either the micro-level376

(sample-based) or macro-level (group-based) ad-377

justment is disabled. Removing the micro-level378

adjustment (λ1 = 0) results in the most significant379

performance drop and slower convergence. This380

confirms that adapting to the advantage magnitude381

is the primary driver of ETR, as static boundaries382

limit the utilization of high-value gradients. Re-383

moving the macro-level adjustment (λ2 = 0) also384

degrades efficiency. This validates the effective-385

ness of implicit curriculum learning: allocating a386

larger update budget to groups with high variance387

(i.e., moderate difficulty) accelerates learning from388

the most informative batches.389

Strategy Direction. We validate the necessity390

of the asymmetric design (expanding for positive391

samples, tightening for negative ones) by compar-392

ing ETR against an Inverse Variant (expanding for393

negative, tightening for positive). The results show394

that the Inverse Variant significantly underperforms.395

This is due to the asymmetry of gradient updates:396

increasing the probability of a correct token is a fo-397

cused operation that benefits from a relaxed bound.398

In contrast, decreasing the probability of an er-399

ror token redistributes probability mass to the rest400

of the vocabulary. If the constraint is too loose401

for negative samples, this redistribution indiscrim-402

inately boosts irrelevant tokens, introducing dif-403

fusion noise. Therefore, tightening the bound for404

negative samples is essential for stability.405

4.5 Computational Efficiency 406

A significant advantage of ETR is its zero computa- 407

tional overhead relative to GRPO. Unlike methods 408

that require auxiliary models or complex matrix 409

computations, ETR relies solely on element-wise 410

operations on tensors that are already computed 411

during the standard rollout and advantage estima- 412

tion phases. The calculation of the dynamic thresh- 413

old adds negligible latency to the training step, mak- 414

ing ETR highly scalable and easy to integrate into 415

existing RLVR pipelines. 416

4.6 Hyperparameter Robustness 417

Finally, we examine the sensitivity of ETR to hy- 418

perparameters. Experimental results indicate that 419

setting both the micro and macro coefficients to 0.1 420

is a robust choice. We applied this identical config- 421

uration across different model architectures (Qwen 422

and Llama) and sizes, and consistently achieved 423

performance gains over the baseline. This suggests 424

that the effectiveness of ETR stems from its core 425

signal-aware mechanism rather than overfitting to 426

a specific set of hyperparameters. 427

5 Related Works 428

5.1 Reinforcement Learning for LLM 429

Post-Training 430

Reinforcement learning has become a central 431

paradigm for post-training large language models, 432

most prominently through Reinforcement Learn- 433

ing from Human Feedback (RLHF) (Ouyang et al., 434

2022; Lambert, 2026; Dong et al., 2024), where 435

policies are optimized using learned reward mod- 436

els. While effective for alignment, reward-model- 437

based approaches introduce additional approxima- 438

tion errors and often struggle to provide precise 439

supervision for tasks with objectively verifiable 440

outcomes. This has motivated the recent shift to- 441

ward Reinforcement Learning with Verifiable Re- 442

wards (RLVR) (Wen et al., 2025a; Tian et al., 2025), 443

particularly in domains such as mathematical rea- 444

soning and program synthesis, where correctness 445

can be automatically evaluated (Cobbe et al., 2021; 446

Lightman et al., 2023). We focus on improving 447

the stability and efficiency of policy optimization 448

under outcome-driven rewards in RLVR. 449

5.2 Trust-Region and PPO-Style Policy 450

Optimization 451

Trust-region methods are widely used to stabi- 452

lize policy optimization. TRPO (Schulman et al., 453

7



Figure 6: Ablation Study. Left: Contribution of Macro and Micro components. Right: Comparison of inverse
directions. The Negative Variant (expanding boundaries for negative samples) fails due to noise, confirming the
necessity of our asymmetric design.

2017a) enforces an explicit constraint on policy454

updates via KL divergence, while PPO (Schulman455

et al., 2017b) introduces a clipped surrogate objec-456

tive as a computationally efficient approximation.457

PPO-style clipping has become the de facto stan-458

dard in RLHF and RLVR pipelines due to its sim-459

plicity and robustness (Team, 2022, 2024). How-460

ever, this design relies on a static trust region that461

applies uniformly across samples, implicitly as-462

suming homogeneous training signals. While prior463

work has explored alternative constraints and adap-464

tive penalties (Wang et al., 2019; Su et al., 2025; Yu465

et al., 2025), the suitability of static trust regions for466

heterogeneous, outcome-driven learning remains467

underexplored. Our work revisits this assumption468

and proposes a data-adaptive alternative.469

5.3 Adaptive Optimization and Curriculum470

Learning471

Adapting optimization behavior to data difficulty472

and information content has been widely studied473

in reinforcement learning and optimization. Prior474

works (Schulman et al., 2017a; Hanzely, 2023;475

Wang et al., 2024) explore adaptive learning rates,476

trust-region adjustments, and variance-aware up-477

date rules to improve stability and sample effi-478

ciency. In parallel, curriculum learning (Bengio479

et al., 2009; Lin et al., 2025; Okamoto et al., 2021)480

methods aim to prioritize informative or appropri-481

ately challenging data, either through manually482

designed schedules or learned difficulty estima-483

tors (Song et al., 2025; Shi et al., 2025; Zhang et al.,484

2025b). While effective, many curriculum strate-485

gies rely on task-specific heuristics or additional486

supervision that may not be readily available in487

large-scale RL settings. In the context of LLM post- 488

training, GRPO can be viewed as an implicit step 489

toward difficulty-aware learning by computing rel- 490

ative advantages within groups, reducing reliance 491

on absolute reward scales. However, GRPO still 492

applies a uniform trust region across samples and 493

groups, limiting its ability to adapt optimization 494

dynamics to heterogeneous outcome statistics. Our 495

work builds on this line of research by introducing 496

Elastic Trust Regions, which directly leverage ad- 497

vantage magnitude and group-level variance to dy- 498

namically adjust optimization constraints, enabling 499

implicit curriculum learning without additional su- 500

pervision. 501

6 Conclusion 502

We identify static trust regions as a key limitation 503

of GRPO when applied to heterogeneous, outcome- 504

driven reasoning tasks. To address this, we propose 505

Elastic Trust Regions (ETR), a data-adaptive con- 506

straint mechanism that adjusts policy updates based 507

on advantage magnitude and group-level variance. 508

Experiments on mathematical reasoning bench- 509

marks show that ETR improves accuracy and stabi- 510

lizes training by mitigating policy entropy collapse. 511

These results highlight the importance of outcome- 512

adaptive optimization for effective post-training 513

of reasoning-oriented language models. Given its 514

simplicity and negligible computational overhead, 515

ETR can serve as a plug-and-play enhancement 516

for existing RLVR pipelines. Ultimately, bridg- 517

ing signal quality and constraints enables robust, 518

sample-efficient training for reasoning models and 519

their future large-scale applications. 520
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A Theoretical Derivation730

In this section, we provide the complete mathemat-731

ical derivation of the Elastic Trust Regions (ETR)732

framework. We detail the transition from the theo-733

retical weighted constraint to the practical dynamic734

clipping algorithm.735

A.1 Problem Formulation736

We consider the standard reinforcement learning737

objective with a trust region constraint. Let πθ738

denote the current policy and πθold denote the be-739

havior policy. The probability ratio is defined as740

rt(θ) =
πθ(at|st)

πθold
(at|st) .741

Standard Trust Region Policy Optimization742

(TRPO) imposes a hard constraint on the KL diver-743

gence. To address the limitation of uniform risk,744

we introduce the Signal-Aware Weighted Con-745

straint.746

Given the space constraints of the column, we747

formulate the optimization problem as follows:748

max
θ

Et[rt(θ)At]

s.t. Et

[
1

ρ(At, pg)
DKL(πθold ||πθ)

]
≤ δ

(10)749

where ρ(·) ≥ 1 is a scaling factor. A larger ρ750

reduces the effective cost of the KL divergence, al-751

lowing for larger policy updates when signal qual-752

ity is high.753

A.2 Derivation of the Dynamic Boundary754

Since optimizing the expectation constraint directly755

is computationally expensive, we convert the global756

constraint into a local constraint using a second-757

order approximation.758

Taylor Expansion of KL Divergence. The KL759

divergence between the old and new policy can be760

expressed as the expectation of the negative log-761

ratio:762

DKL(πθold ||πθ) = Ex∼πθold

[
− log

πθ(x)

πθold(x)

]
= Ex∼πθold

[− log rt]
(11)763

We perform a second-order Taylor expansion of the764

function f(r) = − log r around the point r = 1765

(since πθ ≈ πθold locally). The derivatives are766

f ′(1) = −1 and f ′′(1) = 1. The expansion is:767

− log r ≈ −(r − 1) +
1

2
(r − 1)2 (12)768

Substituting this back into the expectation: 769

DKL ≈ Ex∼πθold
[−(rt − 1)]

+ Ex∼πθold

[
1

2
(rt − 1)2

] (13) 770

Crucially, the first-order term vanishes because the 771

expectation of the probability ratio is 1: 772

E[rt−1] = E[rt]−1 =

∫
πold

π

πold
−1 = 1−1 = 0

(14) 773

Thus, the KL divergence is dominated by the 774

second-order term: 775

DKL(πθold ||πθ) ≈
1

2
(rt − 1)2 (15) 776

Solving for the Boundary. We now substitute 777

Eq. 15 into the local version of the weighted con- 778

straint (Eq. 10). For a specific sample t, we require: 779

1

ρt
· 1
2
(rt − 1)2 ≤ δlocal (16) 780

Rearranging to solve for the maximum allowable 781

deviation |rt − 1|: 782

(rt−1)2 ≤ 2δlocal·ρt =⇒ |rt−1| ≤
√
2δlocal

√
ρt

(17) 783

Defining the baseline clipping threshold as ϵbase = 784√
2δlocal, we obtain the dynamic threshold ϵt: 785

ϵt = ϵbase ·
√
ρ(At, pg) (18) 786

This derivation theoretically justifies why the clip- 787

ping range should scale with the square root of the 788

signal strength. 789

B Limitations 790

The main limitations of this work are the scope 791

of evaluation. First, experiments are limited to 792

medium-scale models, with no validation on larger- 793

scale LLMs (e.g., 10B+ parameters). The compu- 794

tational efficiency, convergence stability, and per- 795

formance of ETR’s adaptive thresholding when 796

scaled to such sizes remain unexamined. Second, 797

the study focuses solely on structured tasks (e.g., 798

math reasoning) and is not extended to open-ended 799

tasks (e.g., open-domain dialogue, creative writing). 800

The applicability of ETR’s assessment proxies to 801

scenarios with high output diversity and ambiguous 802

evaluation criteria remain unexplored. 803
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Algorithm 1 Group Relative Policy Optimization
with ETR
1: Input: Dataset D, policy πθ , ref policy πref, group size

G.
2: Hyperparams: Base clip ϵbase, weights (λ1, λ2), KL coef

β.
3: for each training step do
4: Sample query q ∼ D.
5: Generate outputs O = {o1, . . . , oG} via πθ(·|q).
6: Compute rewards r = {r1, . . . , rG}.
7: // 1. Compute Group Statistics (Macro)
8: pg ← 1

G

∑G
i=1 I(ri > 0).

9: Gmacro ← λ2 · 4pg(1− pg).
10: // 2. Compute Advantages (Standard GRPO)
11: Ai ← (ri −mean(r))/(std(r) + ξ) for all i.
12: // 3. Compute Dynamic Thresholds (Micro)
13: Initialize effective clips E ← ∅.
14: for i = 1 to G do
15: Smicro ← λ1 · tanh(Ai).
16: ϵi ← ϵbase + Smicro + Gmacro.
17: E ← E ∪ {ϵi}.
18: end for
19: // 4. Policy Update
20: Compute loss JETR using dynamic bounds E (Eq. 6).
21: Update πθ via gradient descent∇θJETR.
22: end for

C Usage of Large Language Models804

During the writing of this manuscript, we use Large805

Language Models (LLMs) as a writing assistant.806

The usage of LLMs was for improving the flu-807

ency, clarity, and grammatical correctness of the808

language, such as rephrasing sentences or correct-809

ing grammatical errors. LLMs were not involved810

in the core research ideation or the formulation of811

key conclusions presented in this paper.812

D Algorithm Pseudocode813

Algorithm 1 outlines the complete training process814

of GRPO with Elastic Trust Regions. The core815

innovation lies in lines 8-11, where the clipping816

threshold is dynamically adjusted based on signal817

quality.818

E Implementation Details819

E.1 Experimental Setup820

Our experiments are conducted using the verl821

framework (Sheng et al., 2025) on a computational822

node equipped with 8× NVIDIA H20 GPUs. We823

utilize the DAPO-Math-17k dataset for training824

across all models. The prompt templates follow the825

standard chat formats corresponding to each base826

model (e.g., Qwen-Chat or Llama-Instruct).827

E.2 Hyperparameters 828

Table 2 lists the detailed hyperparameters used in 829

our experiments. To ensure fair comparison, we 830

maintain consistent settings between GRPO and 831

ETR, differing only in the clipping mechanism. 832

For the model-specific configurations, we adjust 833

the max_response_length to accommodate the 834

capacity of different architectures: 835

• Qwen3-8B-Base and Llama-3.1-8B-Instruct: 836

Set to 8192 tokens. 837

• Qwen2.5-Math-7B-Base: Set to 3584 tokens 838

due to its embedding positions limits. 839

For our proposed ETR method, we set the elas- 840

ticity coefficients λ1 = 0.1 (micro-level) and 841

λ2 = 0.1 (macro-level) across all experiments with- 842

out further tuning. 843

Table 2: Hyperparameters for training and evaluation.
ETR introduces λ1 and λ2, while other settings remain
identical to the GRPO baseline.

Hyperparameter Value

General Training Config
Optimizer AdamW
Learning Rate 1e-6 (Constant)
Global Batch Size 64
Rollouts per Prompt (G) 8
Gradient Clipping 1.0
KL Coefficient (β) 0.001
Reward Function ±1 (Binary)

Generation Config
Training Temperature 1.0
Training Top-p 1.0
Evaluation Temperature 1.0
Max Response Length {8192, 3584}

ETR Specifics
Base Clip (ϵbase) 0.2
Micro-Elasticity (λ1) 0.1
Macro-Elasticity (λ2) 0.1

F Analysis 844

In this section, we analyze the training dynamics 845

to understand the source of ETR’s performance 846

gains. We focus on the clipping behavior and re- 847

sponse length evolution, while referring back to the 848

accuracy curves presented in Figure 4. 849

F.1 Asymmetric Noise Suppression 850

Figure 7 illustrates the fraction of samples where 851

the policy update is clipped. A counter-intuitive ob- 852

servation is that ETR triggers clipping much more 853

frequently (spikes > 1.0%) than the static GRPO 854
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Figure 7: Clipping Fraction. ETR triggers clipping
significantly more often than GRPO. This reflects the
tightening of constraints on negative samples, effec-
tively filtering out diffusion noise from incorrect paths.

Figure 8: Response Length. ETR (Blue) effectively
curbs the "length hacking" phenomenon observed in
GRPO (Yellow), promoting more efficient reasoning
chains.

baseline (stable at ≈ 0.1%), despite ETR’s ability855

to expand the trust region.856

This phenomenon validates the asymmetric de-857

sign of our dynamic boundary. For negative sam-858

ples (At < 0), the threshold tightens (ϵt < ϵbase).859

Since incorrect reasoning paths typically constitute860

the majority of generated data in difficult reason-861

ing tasks, these negative samples frequently hit862

the tightened boundary. Therefore, the high clip-863

ping fraction indicates that ETR is actively sup-864

pressing noise. By strictly limiting the gradient865

updates from erroneous paths, ETR prevents the866

model from "unlearning" useful logic due to low-867

quality negative signals, while implicitly reserving868

the trust region budget for the sparser, positive sig-869

nals where the boundary is expanded.870

F.2 Regularization against Reward Hacking871

Figure 8 reveals a common failure mode in RLVR:872

Reward Hacking via Length. The GRPO baseline873

(Yellow) rapidly drifts towards generating exces-874

sively long responses (> 5000 tokens), likely at-875

tempting to maximize the probability of hitting a876

correct answer through verbose exploration. This877

bloating increases training latency without propor-878

tional accuracy gains.879

In contrast, ETR (Blue) acts as a geometric reg-880

ularizer. When the model generates long, incorrect881

chains, the advantage is negative, causing the trust882

region to shrink. This penalizes the model heav-883

ily if it drifts too far from the reference policy on884

wrong paths. As a result, ETR stabilizes the re-885

sponse length at a more efficient level (≈ 3500 886

tokens), encouraging concise and precise reason- 887

ing. 888

F.3 Prevention of Policy Collapse 889

As shown previously in Figure 4, standard GRPO 890

suffers from a "performance collapse" in the later 891

stages of training, where the Best@32 accuracy de- 892

grades significantly. This collapse is often linked 893

to the unchecked accumulation of policy shifts in- 894

duced by noisy updates. 895

By implementing the asymmetric constraints de- 896

scribed above—tightening on errors and relaxing 897

on successes—ETR maintains policy stability. The 898

dynamic boundary ensures that the policy does not 899

drift excessively on ambiguous or incorrect sam- 900

ples. Consequently, ETR sustains a robust upward 901

trajectory in accuracy throughout the training pro- 902

cess, avoiding the degradation seen in the baseline. 903
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