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Abstract001

Recent advances in reinforcement learning002
(RL) have improved the reasoning capabili-003
ties of large language models (LLMs) and004
vision-language models (VLMs). However, the005
widely used Group Relative Policy Optimiza-006
tion (GRPO) consistently suffers from entropy007
collapse, causing the policy to converge prema-008
turely and lose diversity. Existing exploration009
methods introduce additional bias or variance010
during exploration, making it difficult to main-011
tain optimization stability. We propose Uni-012
fied Entropy Control for Reinforcement Learn-013
ing (UEC-RL), a framework that provides tar-014
geted mechanisms for exploration and stabi-015
lization. UEC-RL activates more exploration016
on difficult prompts to search for potential and017
valuable reasoning trajectories. In parallel, a018
stabilizer prevents entropy from growing un-019
controllably, thereby keeping training stable020
as the model consolidates reliable behaviors.021
Together, these components expand the search022
space when needed while maintaining robust023
optimization throughout training. Experiments024
on both LLM and VLM reasoning tasks show025
consistent gains over RL baselines on both026
Pass@1 and Pass@k. On Geometry3K, UEC-027
RL achieves a 37.9% relative improvement over028
GRPO, indicating that it sustains effective ex-029
ploration without compromising convergence030
and underscoring UEC-RL as a key principle031
for scaling RL-based reasoning in large models.032

1 Introduction033

Reinforcement learning (RL) has become a cen-034

tral paradigm in the post-training of large lan-035

guage models (LLMs) and vision-language mod-036

els (VLMs) (GLM et al., 2024; Touvron et al.,037

2023). Early RLHF methods, such as Proximal038

Policy Optimization (PPO) and Direct Preference039

Optimization (DPO), align model outputs with hu-040

man preferences using preference-based rewards041

(Schulman et al., 2017b; Rafailov et al., 2023;042

Zhong et al., 2024; Wang et al., 2024b). More 043

recently, Reinforcement Learning with Verifiable 044

Rewards (RLVR) has emerged as a scalable al- 045

ternative by leveraging automatically verifiable 046

supervision (Mroueh, 2025). Within this frame- 047

work, Group Relative Policy Optimization (GRPO) 048

was introduced as a lightweight PPO variant that 049

removes the critic and estimates advantages via 050

group-normalized rewards, achieving strong ef- 051

ficiency and competitive reasoning performance 052

(Shao et al., 2024; Liu et al., 2024; Guo et al., 053

2025). 054

Exploration in RL is the process of guiding the 055

policy to observe sufficiently diverse and informa- 056

tive samples during training, so that optimization 057

can operate over a broader solution space instead 058

of collapsing to suboptimal behaviors early (Sutton 059

et al., 1998; Auer et al., 2002; Strehl and Littman, 060

2008; Kolter and Ng, 2009). Entropy quantifies 061

the policy’s uncertainty during inference and is 062

commonly used as a proxy for exploration (Schul- 063

man et al., 2017a; Haarnoja et al., 2018; Nachum 064

et al., 2017), yet recent studies show that GRPO 065

suffers from entropy collapse, where policy en- 066

tropy rapidly drops and responses become highly 067

convergent, severely limiting the discovery of po- 068

tential and valuable trajectories (Yue et al., 2025; 069

Yu et al., 2025). DAPO slows entropy decay via 070

a clip-higher strategy, but often at the cost of in- 071

creased update variance and unstable training (Yu 072

et al., 2025). Other methods introduce entropy 073

bonuses or modified advantages (Cui et al., 2025b; 074

Cheng et al., 2025), but the resulting exploration 075

is frequently biased, as these approaches explicitly 076

optimize entropy-related terms rather than task re- 077

wards. Moreover, effective exploration should 078

emphasize informative and high-quality diver- 079

sity, rather than indiscriminately encouraging 080

randomness. This requires mechanisms that can 081

suppress excessively high-entropy behaviors once 082
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Figure 1: Illustration of UEC-RL. UEC-RL balances exploration and stabilization, keeping entropy within an optimal operating
range.

exploration becomes unproductive, a capability that083

is largely missing in existing approaches. Overall,084

the field still lacks a principled mechanism for con-085

trolling entropy in both directions, exploration and086

stabilization.087

To address this gap, we introduce UEC-RL, a088

framework that integrates exploration and stabiliza-089

tion within a single, coherent mechanism. Rather090

than merely slowing entropy collapse, UEC-RL ac-091

tively adjusts the degree of exploration according092

to problem difficulty, enabling entropy to increase093

when deeper reasoning is required and allowing the094

model to access low-probability but informative095

trajectories that standard sampling often misses.096

At the same time, UEC-RL incorporates a stabiliz-097

ing mechanism that restrains uncontrolled entropy098

growth, reinforces reliable behaviors, and guides099

the policy toward stable convergence as learning100

progresses. Through this coordinated design, UEC-101

RL dynamically balances exploration and exploita-102

tion throughout training.103

Experiments across a wide range of LLM and104

VLM reasoning benchmarks show that UEC-RL105

delivers consistent gains over RL baselines. On106

the challenging Geometry3K dataset, it achieves107

a 37.9% relative improvement in accuracy while108

maintaining more appropriate training dynamics.109

UEC-RL also provides robust improvements on110

Pass@k, demonstrating that UEC-RL is an effec-111

tive principle for advancing RL-based reasoning in112

large-scale models. Our contributions are summa-113

rized as follows:114

• We introduce UEC-RL, which provides princi-115

pled bidirectional entropy regulation, enabling116

both controllable entropy increase for deep ex-117

ploration and controllable entropy stabilization118

for reliable training. As shown in Fig. 1, UEC- 119

RL includes: 120

– A targeted exploration mechanism that acti- 121

vates high-entropy reasoning specifically on 122

difficult problems, allowing the model to un- 123

cover low-probability but informative trajec- 124

tories that standard sampling rarely reaches. 125

– A controllable entropy stabilizer that ampli- 126

fies reliable gradients, suppresses unbounded 127

exploration, and guides the policy toward sta- 128

ble convergence. 129

• We demonstrate consistent improvements across 130

LLM and VLM reasoning benchmarks, includ- 131

ing strong gains on Geometry3K and Pass@k 132

evaluations, confirming the effectiveness and 133

generality of the proposed entropy-control 134

paradigm. 135

2 Related Work 136

Recent advances in aligning large language models 137

(LLMs) and vision-language models (VLMs) have 138

been driven by reinforcement learning techniques 139

(OpenAI, 2023; Team et al., 2024; Zhu et al., 2023; 140

Wei et al., 2023; Liu et al., 2023; Team et al., 2025; 141

Yang et al., 2025), most notably RLHF and pol- 142

icy optimization methods such as DPO, PPO, and 143

GRPO (Rafailov et al., 2024; Ouyang et al., 2022; 144

Schulman et al., 2017b; Shao et al., 2024). More 145

recently, Reinforcement Learning with Verifiable 146

Rewards (RLVR) has shown strong performance in 147

reasoning-intensive domains by removing learned 148

reward models and relying on structured, verifiable 149

supervision (Lambert et al., 2024; Guo et al., 2025). 150

In this setting, optimization efficiency and training 151
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JGRPO(θ) =E(q,a)∼D, O={oi}Gi=1∼πθold(·|q)

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

[
ri,t(θ)Âi,t, clip(ri,t(θ), 1− ϵ, 1 + ϵ)Âi,t

]
− βDKL[πθ||πref ]

}
,

(1)
where ri,t(θ) =

πθ(oi,t|q,oi<t)
πθold

(oi,t|q,oi<t) , and Âi,t =
Ri−mean({Ri}Gi=1)

std({Ri}Gi=1)
.

Figure 2: Two prominent optimization issues of GRPO on Geometry3K: insufficient exploration (entropy collapse)
and unstable training dynamics.

dynamics become critical, particularly for GRPO-152

based methods that normalize rewards within roll-153

out groups.154

Exploration is a core component of reinforce-155

ment learning, enabling policies to escape local156

optima and discover high-reward behaviors (Sutton157

et al., 1998). In policy gradient methods, entropy158

is commonly used as a proxy for exploration to159

encourage behavioral diversity (Schulman et al.,160

2017b). However, recent studies show that GRPO-161

based training often suffers from entropy collapse,162

resulting in highly convergent samples and insuf-163

ficient exploration (Yue et al., 2025; Yu et al.,164

2025). Existing remedies can be broadly grouped165

into two categories. The first modifies policy up-166

dates via clipping strategies (Yu et al., 2025; Hao167

et al., 2025; Su et al., 2025). By relaxing the upper168

clipping bound, these methods can slow entropy169

contraction, but often amplify update variance and170

destabilize training. The second category promotes171

exploration through entropy bonuses, such as en-172

tropy regularization or entropy-shaped advantages173

(Adamczyk et al., 2025; Li et al., 2025; Hou et al.,174

2025; Tan and Pan, 2025; Cui et al., 2025b; Cheng175

et al., 2025). While effective at increasing diversity,176

these approaches rely on coarse regularization and177

may introduce optimization bias, since exploration178

is driven by entropy-related objectives rather than179

task rewards.180

3 Preliminaries 181

3.1 RL baseline: GRPO 182

GRPO has been widely used to improve the rea- 183

soning capabilities of large language models, par- 184

ticularly in mathematical problem-solving. Unlike 185

PPO, GRPO removes the critic and estimates ad- 186

vantages using group-normalized rewards, result- 187

ing in significantly improved computational effi- 188

ciency. Given a question q with a verifiable an- 189

swer a, GRPO samples G responses O = {oi}Gi=1 190

from the old policy πθold and updates the policy 191

by maximizing the group-relative objective shown 192

in Eq. (1). By normalizing rewards within each 193

sampled group, GRPO provides a lightweight and 194

scalable alternative to PPO and has demonstrated 195

strong performance across diverse reasoning bench- 196

marks. 197

3.2 Limitations of GRPO 198

Despite its empirical success, GRPO presents no- 199

table shortcomings when applied to complex rea- 200

soning tasks. Fig. 2 illustrates two representative 201

failure modes on the Geometry3K dataset, which 202

were observed under identical settings, revealing 203

GRPO’s difficulty in maintaining adequate explo- 204

ration and stable optimization dynamics. 205

Entropy collapse. As illustrated in Fig. 2, pol- 206

icy entropy often decreases rapidly during train- 207

ing, causing the model to converge prematurely 208

to low-diversity behaviors. This collapse is espe- 209

cially common in text-only reasoning, where train- 210
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Algorithm 1 UEC-RL
Input: Dataset D, policy πθ.
Hypers: G,G′, t′, s′, freplay, A0.
Init queue Breplay by size s′;
repeat

Sample minibatch Bdata ⊂ D;
for each (q, a) ∈ Bdata do

Sample O ← {oi}1:G ∼ πθold ;
Compute Ri, Âi,t of O;
if maxiRi > 0 then

OR ← {oi ∈ O : Âi,t ̸= 0};
else

Sample O′ ← {oi}1:G′ ∼ πt′
θold

;
Compute Ri, Âi,t of O′;
OH ← {oi ∈ O′ : Âi,t > 0};
OS ← OH ∪ {oi ∈ O : Âi,t > A0};
Push OS into Breplay;

end if
end for
Oeff ←

⋃
OR ∪

⋃
OH ;

Compute πθold of Oeff ;
Update actor using Oeff ;
if global_step mod freplay = 0 then

Sample OS ⊂ Breplay and update actor;
end if

until convergence

ing is relatively stable and the absence of entropy-211

increasing mechanisms prevents the model from ex-212

ploring low-probability but informative trajectories.213

Consequently, the model activates only shallow rea-214

soning patterns while deeper knowledge remains215

underutilized.216

Training instability. A second failure mode com-217

monly appears in more complex settings such218

as multimodal reasoning, as illustrated in Fig. 2,219

where optimization exhibits sharp fluctuations.220

When sampled outputs vary greatly in correctness221

or reasoning difficulty, the group-normalized re-222

ward used by GRPO no longer provides sufficient223

variance reduction. As a result, gradient updates224

become brittle, causing unstable learning dynamics225

and occasionally leading to sudden performance226

degradation or even collapse.227

These two issues share a structural root cause:228

GRPO lacks a principled mechanism for regulat-229

ing entropy in either direction. It cannot actively230

increase entropy to enhance exploration on diffi-231

cult prompts, nor can it stabilize entropy in high-232

variance regimes to ensure reliable convergence.233

This limitation motivates the development of a uni- 234

fied framework capable of dynamic, bidirectional 235

entropy control. 236

4 Methodology 237

To address the entropy collapse and instability is- 238

sues observed in GRPO, we introduce UEC-RL, 239

which enables both controlled entropy increase for 240

exploration and entropy reduction for stable con- 241

vergence. This section first presents the targeted 242

exploration mechanism, which adaptively activates 243

high-entropy reasoning on difficult prompts, fol- 244

lowed by the entropy-reducing replay mechanism 245

that stabilizes learning and improves sample effi- 246

ciency. The overall UEC-RL training procedure is 247

summarized in Algorithm 1. 248

4.1 Targeted Exploration Mechanism 249

UEC-RL enhances GRPO’s limited exploratory ca- 250

pacity through a unified mechanism that (1) identi- 251

fies prompts requiring deeper search, (2) expands 252

the sampling space only when necessary, and (3) 253

selectively retains informative trajectories. 254

Expanding the exploration space. If none of 255

the initial G rollouts solve a prompt, the prompt D̄ 256

is marked as difficult, indicating insufficient explo- 257

ration under the current policy. 258

D̄ =
{
(q, a) : oi ∼ πθold , i = 1, . . . , G,

#{ i : R(a, oi) > 0 } = 0
}
.

259

260For such prompts, UEC-RL temporarily samples 261

from a softened distribution with temperature t′, in- 262

creasing the chance of uncovering low-probability 263

but informative reasoning paths while leaving easy 264

prompts unaffected. 265

Exploring informative trajectories. From all 266

collected samples, UEC-RL retains only two types 267

of trajectories: regular samples OR with nonzero 268

advantage and valuable samples OH obtained un- 269

der expanded sampling: 270

OR =
{
{oi}1:G ∼ πθold : (q, a) ∼ D, Âi,t ̸= 0

}
;

OH =
{
{oi}1:G′ ∼ πta

θold
: (q, a) ∼ D̄, Âi,t ≥ 0

}
.

271

Low-advantage exploratory samples are filtered out 272

because they tend to introduce noisy gradients that 273

hinder optimization and generalization. These re- 274

tained samples constitute the effective optimization 275
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Table 1: Comparison of Pass@1 accuracy on text and multimodal reasoning benchmarks. UEC-RL consistently
outperforms the RL baselines. For AIME24 and AIME25, each question is repeated 32 times.

Benchmarks AIME24 AIME25 MATH GSM8K Minerva Average

Qwen2.5-math-7B 15.2 5.39 65.5 65.4 47.3 39.76
GRPO 25.8 9.27 77.6 87.1 29.0 45.75
DAPO 24.3 8.54 78.3 87.6 34.2 46.59
Entropy-Adv 26.7 9.90 78.9 86.8 35.0 47.46
URC-RL 28.5 10.7 80.4 87.9 35.7 48.64
∆ vs. GRPO +2.7 +1.4 +2.8 +0.8 +6.7 +2.89

Benchmarks MathVision MathVerse MathVista We-Math Average

Qwen2.5-VL-7B-Instruct 24.87 43.83 66.30 62.87 49.47
GRPO 29.11 47.51 72.60 67.53 54.19
DAPO 27.92 48.48 72.30 69.08 54.45
Entropy-Adv 27.86 48.63 71.80 68.62 54.23
UEC-RL 28.82 49.34 73.40 69.48 55.26
∆ vs. GRPO -0.29 +1.83 +0.80 +1.95 +1.07

set and enable exploration to be increased in a tar-276

geted manner.277

By integrating difficulty detection, adaptive278

search expansion, and selective retention into a279

coherent procedure, UEC-RL activates exploratory280

behavior precisely where deeper reasoning is re-281

quired. The mechanism is theoretically supported282

by the following result:283

Theorem 4.1 (Entropy Change). For a softmax284

policy updated by natural policy gradient with step285

size η,286

H(πk+1
θ )−H(πk

θ ) ≈

− η Es∼dkµ
Cova∼πk

θ (·|s)
[
log πk

θ (a|s), Aπk
(s, a)

]
.

287

This theorem was first introduced by Liu (2025),288

and was organized and extended by Cui et al.289

(2025a). Proof can be seen in Liu (2025) and Cui290

et al. (2025a). H indicates the policy entropy of291

policy model, and Cov denotes covariance, πk
θ is292

the policy at step k, and Aπk
(s, a) is the advantage293

function of action a under state s. The covari-294

ance term becomes negative when high-advantage295

actions receive low probability under the current296

policy. In such cases, updates increase the policy297

entropy. Using an elevated temperature t′ > 1298

amplifies this effect by further reducing the gap299

between high- and low-probability actions, making300

negative covariance more likely. As a result, UEC-301

RL induces controlled entropy increase specifically302

on difficult prompts, allowing the model to escape303

collapsed regimes and explore deeper reasoning tra- 304

jectories that standard GRPO would fail to reach. 305

4.2 Controllable Entropy Stabilizer 306

Targeted exploration allows the policy to increase 307

entropy on difficult prompts, but a complementary 308

mechanism is required to prevent uncontrolled en- 309

tropy growth and ensure convergence. UEC-RL 310

introduces a controllable entropy stabilizer that re- 311

peatedly reinforces high-quality trajectories discov- 312

ered during exploration. 313

Positive-advantage trajectories found under ex- 314

panded sampling often have low initial probability 315

and thus limited influence when used only once. 316

Revisiting them strengthens their gradients and 317

shifts probability mass toward correct reasoning 318

patterns, producing a stabilizing effect on entropy. 319

Theorem 4.2 (Entropy Stabilization). Let (q, o) 320

be a trajectory with A(q, o) > 0. If one update 321

increases its log-likelihood, 322

log πk
θ (o | q) > log πk−1

θ (o | q), 323

then repeating this update (e.g., via replay) yields 324

H(πk+1
θ )−H(πk

θ ) < 0. 325

Proof. Because A(q, o) > 0, raising πθ(o | q) 326

aligns high-advantage actions with high probabil- 327

ity, producing a positive covariance term in Theo- 328

rem 4.1. A positive covariance leads to decreasing 329

entropy. 330
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Figure 3: Pass@k performance on the AIME24 and AIME25 benchmarks. UEC-RL consistently improves the
success rate across different values of k.

Geometry3K Qwen2.5-VL-7B-Instruct UEC-RL GRPO DAPO Entropy-Adv

Accuracy 38.44 55.41 50.75 49.09 50.91
∆ vs. UEC-RL - - -4.66 -6.32 -4.50

Figure 4: On the Geometry3K dataset, UEC-RL not only achieves excellent performance but also demonstrates
superior exploration capability and training stability.

Thus, exploration enlarges entropy only when331

needed, and the stabilizer gradually decreases en-332

tropy by consolidating informative trajectories.333

This interplay transitions training from exploration334

to stable convergence, avoiding both entropy col-335

lapse and divergence. Concretely, we form a candi-336

date set from both regular and exploratory samples337

(OR ∪OH ), filter trajectories whose advantages ex-338

ceed a threshold A0, and keep only the most recent339

s′ trajectories to prioritize up-to-date behaviors:340

OS = Recents′
(
{ oi ∈ OR ∪OH : Âi,t > A0 }

)
,341

where Recents′(·) returns the s′ most recent trajec-342

tories in generation order.343

5 Experiments344

We evaluate UEC-RL on both text-based and mul-345

timodal mathematical reasoning tasks. Our imple-346

mentation is built upon EasyR1 and VeRL (Yaowei347

et al., 2025; Sheng et al., 2025).348

Datasets and benchmarks. We train UEC-RL349

on three datasets spanning both text-only and mul-350

timodal reasoning, and evaluate it on a comprehen- 351

sive suite of text and multimodal benchmarks, with 352

Geometry3K additionally used for in-domain anal- 353

ysis of training dynamics and ablations. Full details 354

of the training datasets and evaluation benchmarks 355

are provided in Appendix A. 356

Baseline. For comparison, we include three rep- 357

resentative RL baselines. Additional implementa- 358

tion details are provided in Appendix B. 359

• GRPO (Shao et al., 2024), the most widely 360

adopted RL baseline; 361

• DAPO (Yu et al., 2025), which enhances explo- 362

ration through the clip-higher mechanism; 363

• Entropy-Adv (Cheng et al., 2025), which encour- 364

ages exploration by augmenting the advantage 365

with an entropy term. 366

6 Main Results 367

Table 1 summarizes Pass@1 performance on text 368

and multimodal reasoning benchmarks. UEC-RL 369
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Accuracy (Entropy) t′ = 1.0 t′ = 1.1 t′ = 1.2

s′ = 5120 53.74 (0.09) 52.41 (0.31) 55.41 (0.73)
s′ = 2560 52.75 (0.09) 54.41 (0.31) 52.75 (2.37)
s′ = 1280 52.41 (0.09) 51.08 (2.44) 50.25 (4.29)

Figure 5: Ablation of parameter tuning: peak accuracy and average entropy under varying t′ and s′. Higher t′ boosts
exploration (entropy↑), larger s′ aids stabilization (entropy↓), and best performance arises from the balance state of
entropy.

consistently outperforms GRPO and DAPO across370

almost all datasets. On text reasoning benchmarks,371

UEC-RL achieves the best results on AIME24/25,372

MATH, GSM8K, and Minerva, leading to the high-373

est overall average. The improvements further ex-374

tend to Pass@k evaluation (Figure 3), where UEC-375

RL yields consistently stronger curves, indicating376

that the learned policy produces both higher-quality377

and more diverse reasoning trajectories.378

On multimodal benchmarks, UEC-RL again379

achieves the highest average score, outperforming380

GRPO and DAPO on four multimodal benchmarks.381

These results show that UEC-RL remains effective382

even in multimodal settings, where training is typ-383

ically less stable, and demonstrate that UEC-RL384

generalizes reliably to visually grounded reasoning385

tasks.386

We additionally conduct an in-domain analy-387

sis on Geometry3K. As shown in Figure 4, UEC-388

RL achieves a substantial accuracy gain (55.41389

vs. 50.75 for GRPO), while also exhibiting more390

stable entropy dynamics and a smoother training391

trajectory. Geometry3K is a visually grounded392

mathematical dataset, and training on such mul-393

timodal tasks is typically far less stable than on394

text-only reasoning. Existing exploration strate-395

gies designed for LLMs often fail to transfer to 396

VLMs because visual reasoning amplifies gradient 397

variance and makes entropy harder to control. In 398

contrast, the bidirectional entropy-control mech- 399

anism in UEC-RL enables effective exploration 400

without destabilizing training, as reflected in both 401

the entropy and response-length curves. These re- 402

sults confirm that UEC-RL successfully balances 403

exploration and convergence even in challenging 404

multimodal settings where conventional methods 405

struggle. 406

7 Ablation Study 407

We conduct ablation experiments to study how 408

the two key components of UEC-RL, namely the 409

targeted exploration mechanism and the entropy- 410

reducing stabilizer, contribute to training effective- 411

ness. Our analysis consists of two parts: parameter 412

tuning, which examines how exploration strength 413

and stabilization capacity influence entropy dynam- 414

ics, and module-level ablations, which isolate the 415

effect of each component. 416

7.1 Parameter tuning. 417

To characterize how exploration and stabilization 418

jointly determine model behavior, we vary the ex- 419

7



Geometry3K UEC-RL w/o exploration w/o stabilizer

Accuracy 55.41 50.41 (-5.00) 49.58 (-5.93)

Figure 6: Module ablation of UEC-RL. Removing either exploration or stabilizer consistently degrades performance,
highlighting their complementary roles in improving accuracy.

ploration temperature t′ and the stabilizer budget420

s′. As shown in Figure 5, increasing t′ enlarges the421

exploration space and raises policy entropy, help-422

ing the model discover deeper reasoning chains on423

difficult prompts. This trend is consistent with The-424

orem 4.1, which predicts entropy increase when425

exploration encourages low-probability actions.426

When t′ becomes large and s′ is insufficient,427

entropy grows rapidly and accuracy degrades. In428

contrast, increasing s′ strengthens the influence of429

high-quality trajectories and gradually stabilizes430

entropy, matching the entropy reduction effect de-431

scribed in Theorem 4.2. The best performance432

appears when exploration and stabilization operate433

in balance. These results confirm that exploration434

enables the model to escape shallow local optima,435

while stabilization consolidates correct behaviors436

and maintains entropy within a desirable range.437

7.2 Module ablations.438

We further disable each component to isolate its439

contribution. Removing the exploration module440

suppresses entropy growth on difficult prompts and441

restores entropy collapse, leading to a reduction442

of 5.00 accuracy points. Removing the stabilizer443

allows entropy to grow excessively and causes un-444

stable reward dynamics, resulting in a reduction of445

5.93 accuracy points. Figure 6 illustrates that ex-446

ploration provides the necessary entropy increase447

to activate deeper reasoning, whereas the stabilizer448

prevents uncontrolled entropy drift and ensures449

convergence. Only the full UEC-RL framework450

exhibits both steady entropy regulation and consis-451

tent performance gains.452

8 Conclusion 453

In this work, we presented UEC-RL, which ad- 454

dresses entropy collapse and provides a principled 455

mechanism for bidirectional entropy regulation in 456

RL for large language models. Unlike exploration 457

heuristics that only partially alleviate premature 458

convergence, UEC-RL treats entropy as an explicit 459

optimization objective and regulates it on-policy 460

throughout training, with the goal of preserving 461

policy diversity while maintaining stable learning 462

dynamics. 463

Empirically, UEC-RL delivers consistent im- 464

provements over strong RL baselines across both 465

text-only and multimodal reasoning benchmarks. It 466

improves Pass@1 performance while also strength- 467

ening Pass@k under sampling, indicating not only 468

higher single-trajectory accuracy but also a more 469

diverse and reliable policy distribution. These re- 470

sults support the central claim that effective rea- 471

soning improvements require jointly promoting ex- 472

ploration and stabilizing optimization, rather than 473

relying on one-sided clip-higher or entropy bonus. 474

Looking forward, UEC-RL can be extended in 475

several directions. More accurate difficulty estima- 476

tion could better identify when entropy should be 477

increased, improving exploration efficiency. Adap- 478

tive scheduling of the exploration temperature and 479

stabilizer budget could reduce task-specific tun- 480

ing while maintaining the desired entropy regime. 481

Finally, integrating UEC-RL with multi-step veri- 482

fication or agent-based reasoning systems may al- 483

low entropy control at finer granularity, guiding 484

step-level branching and consolidation to further 485

improve reliability and scalability in complex rea- 486

soning tasks. 487
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Ethical consideration488

AI is only used for translation and language polish-489

ing in this paper.490

Limitations491

While UEC-RL enables stable and controllable ex-492

ploration, its effectiveness depends on selecting493

appropriate values for the exploration temperature494

t′ and stabilizer budget s′. Together, these hyperpa-495

rameters determine the entropy range maintained496

during training. However, the entropy level that497

yields optimal performance is typically moderate,498

for example, around 0.5, and achieving it often re-499

quires task-specific hyperparameter configurations.500

This variability arises because tasks differ501

substantially in difficulty: harder datasets re-502

quire stronger exploration to escape local optima,503

whereas easier or lower-variance tasks benefit from504

tighter stabilization. Consequently, the (t′, s′) com-505

bination that preserves a desirable entropy regime506

is not universal but instead depends on the intrinsic507

difficulty and variance structure of the training set.508

This makes UEC-RL relatively sensitive to hyper-509

parameter choices, and achieving consistent perfor-510

mance across domains may require task-specific511

tuning.512

Developing adaptive or self-regulating strategies513

that automatically calibrate (t′, s′) based on task514

difficulty remains an important direction for future515

research.516
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A Datasets and benchmarks829

Training datasets. We train UEC-RL on three830

datasets that cover different modalities and diffi-831

culty levels:832

• DAPO-17K: a large-scale out-of-domain math-833

ematical reasoning dataset designed to evaluate834

RL-based alignment algorithms for LLMs (Yu835

et al., 2025).836

• Multimodal dataset (6k): sampled from the837

multimodal corpora introduced in (Wei et al.,838

2025b,a), spanning a wide range of diagram, ge-839

ometry, chart, and table problems. The dataset840

aggregates established resources including Ge-841

ometry3K (Lu et al., 2021a), GeoQA (Chen842

et al., 2021), GeoQA-Plus (Cao and Xiao, 2022),843

Geos (Seo et al., 2015), AI2D (Kembhavi et al.,844

2016), TQA (Kim et al., 2018), FigureQA (Ka-845

hou et al., 2017), TabMWP (Lu et al., 2022b),846

ChartQA (Masry et al., 2022), IconQA (Lu et al.,847

2021b), Clevr-Math (Lindström and Abraham,848

2022), M3CoT (Chen et al., 2024), and Sci-849

enceQA (Lu et al., 2022a).850

• Geometry3K: an in-domain geometric reason-851

ing dataset used for detailed evaluation (Lu et al.,852

2021a).853

Evaluation benchmarks. We assess UEC-RL854

across three categories of benchmarks:855

• Text reasoning benchmarks. We evalu-856

ate Pass@1 on five widely used reasoning857

benchmarks: AIME24 (HuggingFaceH4,858

2025), AIME25 (HuggingFaceH4, 2025),859

MATH (Lightman et al., 2023), GSM8K (Cobbe860

et al., 2021), and Minerva (Lewkowycz et al.,861

2022). These benchmarks span competition-862

level problems (AIME), formal mathematics863

(MATH), school-level word problems (GSM8K), 864

and scientific reasoning (Minerva), providing a 865

comprehensive assessment of textual reasoning 866

ability. 867

• Multimodal reasoning benchmarks. We fur- 868

ther evaluate on four challenging multimodal 869

benchmarks: MathVision (Wang et al., 2024a), 870

MathVerse (Zhang et al., 2024), MathVista (Lu 871

et al., 2023), and We-Math (Qiao et al., 2024). 872

These benchmarks cover diverse visual for- 873

mats—including diagrams, charts, tables, and 874

multi-image compositions—and require integrat- 875

ing visual and symbolic reasoning. 876

• Geometry3K in-domain dataset. To better un- 877

derstand the behavior of entropy-controlled RL, 878

we conduct an in-depth analysis on Geometry3K 879

(Lu et al., 2021a), including accuracy curves, en- 880

tropy dynamics, response length behavior, and 881

ablation studies. 882

B Implementation details 883

We follow the default EasyR1 configuration unless 884

otherwise noted. Table 2 summarizes the hyper- 885

parameters for GRPO, DAPO, Entropy-Adv, and 886

UEC-RL. For UEC-RL, difficult prompts trigger 887

expanded exploration with G′ = 20 and temper- 888

ature t′ = 1.2. Trajectories with absolute advan- 889

tages greater than 1 are stored in a replay buffer 890

of size 5120, and replay is performed every 5 op- 891

timization steps. For each experiment setting, we 892

run a single training run, save checkpoints every 10 893

optimization steps, and report the maximum perfor- 894

mance achieved on each benchmark over all saved 895

checkpoints. 896
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Table 2: Summary of implementation and evaluation details for all compared methods.

Settings of Training GRPO DAPO Entropy-Adv UEC-RL

Training settings

Hardware 8×A800 GPUs (40GB)

Policy model init Qwen2.5-VL-7B-Instruct and Qwen2.5-Math-7B

Hardware 8 × A800 (40GB)

Max response length 8192

Batch size 512

Primary rollout G 5

Learning rate 1× 10−6

Temperature (training) 1.0

ϵlow 0.2 0.2 0.2 0.2

ϵhigh 0.2 0.3 0.2 0.2

Entropy bonus – – (β, κ) = (0.4, 2) –

Additional rollout G′ – – – 20

Exploration temperature t′ – – – 1.2

Replay buffer size s′ – – – 5120

Replay frequency – – – every 5 steps

Replay criterion – – – Â > 1

Settings of evaluation

Max response length (eval) 8192

Temperature (eval) 0.2

Top-p (eval) 0.95
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