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Abstract001

Large Language Models (LLMs) excel in vari-002
ous reasoning tasks, including complex math-003
ematical reasoning. However, when applied004
to domain-specific tasks, they consistently fail005
to generate novel insights during the reflection006
stage. Instead of conducting genuine cogni-007
tive refinement, the model tends to mechan-008
ically reiterate earlier reasoning steps with-009
out introducing new information or perspec-010
tives, a phenomenon referred to as “Echo Re-011
flection”. We attribute this behavior to two012
key defects: (1) Uncontrollable information013
flow during response generation, which allows014
premature intermediate thoughts to propagate015
unchecked and distort final decisions; (2) An016
imbalance between exploration and exploita-017
tion of domain-relevant internal knowledge,018
leading to repeating earlier findings rather than019
generating new cognitive insights. Building020
on these findings, we proposed a novel rein-021
forcement learning method termed Adaptive022
Entropy Policy Optimization (AEPO). Specif-023
ically, the AEPO framework consists of two024
major components: (1) Reflection-aware In-025
formation Filtration, which quantifies the cog-026
nitive information flow and prevents the final027
answer from being affected by earlier bad cog-028
nitive information; (2) Adaptive-Entropy Op-029
timization, which dynamically balances explo-030
ration and exploitation across different reason-031
ing stages, promoting both reflective diversity032
and answer correctness. Extensive experiments033
demonstrate that AEPO consistently achieves034
state-of-the-art performance over mainstream035
reinforcement learning baselines across diverse036
benchmarks. Our code is available at https://037
anonymous.4open.science/r/AEPO-7F3A.038

1 Introduction039

Large Language Models (LLMs) have significantly040

enhanced reasoning capabilities by enabling longer041

Chain-of-Thought processes and adopting sophis-042

ticated reasoning methodologies. A key tech-043

nique driving these improvements is Reinforcement044
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A quantum mechanical particle of 
mass m moves in two dimensions 
in the fol lowing potential,  as a 
function of the polar coordinates 
(r,θ): V (r, θ) = 1/2 kr^2 + 3/2 kr^2 
cos^2(θ) Find the energy spectrum.

<THINKING>
To find the ...
F o r  t h e  g i v e n  p o t e n t i a l ,  t h e 
a n g u l a r  p a r t  m o d i f i e s  t h e 
angular spectrum, but the radial 
p a r t  r e m a i n s  a  h a r m o n i c 
oscillator...
</THINKING>
<REFLECTION>
The energy spectrum is primarily 
determined by the radial part of 
t h e  p o t e n t i a l ,  w h i c h  i s  a 
harmonic oscillator. The ... 
</REFLECTION>

LLM Reasoning

(a) Illustrative example of “Echo 
Reflection” on physics reasoning 

User Prompt

Figure 1: Illustrative examples of: (a) A typical instance
of “Echo Reflection” in reasoning on a physics prob-
lem (with the echoed incorrect content highlighted in
red). (b) Performance (upper figure) and correspond-
ing Echo Reflection rate (lower figure) of Qwen-7B on
knowledge-intensive benchmark MedQA.

Learning with Verifiable Rewards (RLVR) (Shao 045

et al., 2024; Yu et al., 2025; Dai et al., 2025; Chen 046

et al., 2025), where models optimize outputs based 047

on RL objectives tied to automated thinking and 048

reflective behavior. 049

Although these methods show promising perfor- 050

mance, we observe consistent failures when applied 051

to tasks involving complex domain-specific knowl- 052

edge (e.g., biology, physics, chemistry reasoning). 053

As shown in Figure 1(a), we present an example of 054

a failed reasoning attempt by Qwen2.5-7B-Instruct 055

(Team, 2024) on a physics problem. In the “Think- 056

ing” stage, the model erroneously states that “the 057

angular part modifies the angular spectrum, but the 058

radial part remains a harmonic oscillator”. In the 059

subsequent “Reflection” stage, the model fails to 060

revise this mistake and instead mechanically reiter- 061

ates the same incorrect reasoning. Moreover, due 062

to the narrow scope of the initial “Thinking” stage, 063

alternative options are not critically evaluated in the 064
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“Reflection” stage, leading to shallow analysis and065

limited knowledge utilization. This case illustrates066

that the model fails to fully take advantage of inher-067

ent knowledge during reasoning, thereby perform-068

ing few genuine cognitive updates during reflection.069

We refer to the phenomenon of a model merely re-070

peating earlier reasoning during the reflection stage071

without generating new insights as Echo Reflection072

(ER). As illustrated in Figure 1(b), the upper image073

shows that compared with the vanilla Qwen-7B074

model, existing reinforcement learning methods075

(w/ GRPO) and explicitly prompting the model076

not to repeat erroneous content (w/ Prompt) yield077

only marginal performance gains on knowledge-078

intensive tasks. More importantly, the lower image079

reveals that these approaches fail to substantially080

reduce the occurrence of Echo Reflection. Both081

the GRPO-based method and the explicit prompt-082

ing method lead to only minimal decreases in ER083

rate, indicating that erroneous reasoning patterns084

continue to persist during reflection. These find-085

ings reveal a fundamental limitation of current re-086

inforcement learning frameworks in mitigating the087

ER phenomenon.088

We attribute this failure to two main factors in089

the “Reflection” stage: (1) Uncontrolled propaga-090

tion of prior errors, where incorrect intermediate091

steps are preserved; (2) An imbalance between092

exploration and exploitation of domain-relevant093

internal knowledge, which limits the model’s abil-094

ity to critically assess and revise its initial output.095

Building on this, we propose a novel reinforce-096

ment learning algorithm, termed Adaptive Entropy097

Policy Optimization (AEPO), designed to mitigate098

the Echo Reflection problem, thereby enhancing099

its reasoning capabilities in complex tasks. Specifi-100

cally, as depicted in Figure 2, the AEPO framework101

consists of two major components: (1) Reflection-102

aware Information Filtration (RIF), inspired by In-103

formation Bottleneck (IB) theory (Tishby et al.,104

2000), aims to preserve task-relevant cognitive sig-105

nals while suppressing misleading intermediate in-106

formation during reasoning. It helps regulate the107

internal flow of information to prevent early-stage108

errors from contaminating final predictions. (2)109

Adaptive-Entropy Optimization (AEO), which dy-110

namically regulates the policy entropy conditioned111

on exploration and exploitation balance.112

Our contribution can be summarized as follows:113

• We identify and characterize the “Echo Reflec-114

tion” phenomenon, shedding light on a pre-115

viously underexplored failure mode in LLM 116

reasoning over knowledge-intensive tasks. 117

• We take a closer look at the ER from an 118

information-theoretic perspective and propose 119

Reflection-aware Information Filtration, a 120

module grounded in Information Bottleneck 121

theory that constrains the flow of cognitive 122

information during reasoning. 123

• We introduce the AEPO algorithm, which en- 124

ables the model to balance exploration and ex- 125

ploitation during reinforcement learning, en- 126

couraging meaningful revisions and deeper 127

knowledge utilization during reflection. 128

2 Related Works 129

Reinforcement Learning in LLMs. Reinforce- 130

ment learning from human feedback (RLHF) 131

(Ouyang et al., 2022) has become a key paradigm 132

for aligning large language models with human 133

preferences. Recent advances (Schulman et al., 134

2017b; Shao et al., 2024; Ahmadian et al., 2024) 135

have extended RLHF beyond instruction-following, 136

introducing verifiable reward functions to better in- 137

centivize complex reasoning. OpenAI’s o1 (Jaech 138

et al., 2024) was the first to demonstrate that RL 139

can effectively elicit high-level reasoning abilities 140

in large-scale LLMs. Building on this, models such 141

as DeepSeek R1 (Guo et al., 2025), Qwen QwQ 142

(Team, 2024), and Kimi k1.5 (Team et al., 2025) 143

have sought to match or surpass o1’s performance. 144

Concurrently, a series of studies, including Open- 145

Reasoner-Zero (Hu et al., 2025), SimpleRL-Zoo 146

(Zeng et al., 2025), and Logic-RL, (Xie et al., 2025) 147

have explored direct RL-based fine-tuning of base 148

models, omitting the need for an intermediate su- 149

pervised fine-tuning phase. Other approaches, such 150

as Light-R1 (Wen et al., 2025) and DeepScaler 151

(Meng et al., 2023), propose specially crafted cold- 152

start datasets to encourage fine-grained, step-wise 153

reasoning during early training. The SRPO (Zhang 154

et al., 2025) framework further combines cold-start 155

strategies with GRPO (Shao et al., 2024) to en- 156

hance deep reasoning development. In parallel, 157

complementary methods such as VAPO (Yue et al., 158

2025), DAPO (Yu et al., 2025), and S-GRPO (Dai 159

et al., 2025) aim to refine the GRPO framework by 160

improving reward formulation and advantage esti- 161

mation, thereby more effectively promoting com- 162

plex reasoning behaviors in LLMs. 163

Policy Entropy in Reinforcement Learning. 164

Stemmed in information theory, entropy has long 165
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Figure 2: The overall framework of the proposed AEPO algorithm. It consists of two key components: 1) Reflection-
aware Information Filtration (RIF), which leverages IB theory to constrain the flow of cognitive information; (2)
Adaptive Entropy Optimization (AEO), which balances the behaviors of LLM exploration and exploitation.

been a core principle in reinforcement learning166

(RL). Classical entropy-regularized reinforcement167

learning (ERL) (Ziebart et al., 2008; Toussaint,168

2009) frameworks are often coupled with the soft169

Bellman update (Schulman et al., 2017a), discour-170

aging overly deterministic policies. A canonical171

example of this approach is the Soft Actor-Critic172

(SAC) algorithm (Haarnoja et al., 2018), which ef-173

fectively constrains policy updates by maintaining174

proximity to a reference distribution. Recent work175

has extended entropy-based methods to LLMs train-176

ing. ETPO (Wen et al., 2024) applies token-level177

ERL to enhance LLM performance in interactive178

tasks, while EP-PRM (Zhang et al., 2024) incor-179

porates entropy into process-level reward model-180

ing. Beyond regularization, Cui et al. reveal that181

entropy dynamics reflect the covariance between182

action probabilities and logit shifts, offering a tool183

to prevent policy collapse. Cheng et al. shows that184

higher-entropy reasoning chains can lead to more185

effective inference by generating longer responses.186

More abstractly, entropy has been used to model187

uncertainty at the semantic level. SEED-GRPO188

(Chen et al., 2025) introduces prompt-level seman-189

tic entropy to capture ambiguity in instructions,190

and Wang et al. identify high-entropy tokens as key191

“forks” during generation.192

3 Proposed Method193

3.1 Preliminary194

Let D denote the training dataset, where each data195

point consists of a question–answer pair {Q,L} ∈196

D. To optimize the large language model (LLM)197

policy πθ, given Q, we sample a group of outputs198

O = {Oi}Gi=1 to estimate the advantage. Note199

that Oi = {o1, · · · , o|Oi|} is a complete response 200

sequence consisting of tokens. 201

We adopt a four-step response format to elicit 202

structured reasoning from the model. Specifically, 203

the model is prompted to sequentially: (1) think 204

about the question (thinking-stage), (2) propose 205

an initial response (draft-stage), (3) perform self- 206

reflection (reflection-stage), and (4) produce a fi- 207

nal answer (answer-stage). To simplify notation, 208

we also refer to the sampled output Oi as being 209

composed of four semantically coherent segments: 210

Oi = [T,D,R,A], where each segment corre- 211

sponds to a distinct stage of reasoning. Note that 212

while Oi denotes the full token sequence generated 213

by the model, T , D, R, and A are contiguous token 214

subsequences that represent the outputs of each re- 215

spective step. The prompt used for the four-step 216

response format is detailed in the Appendix. 217

3.2 Reflection-aware Information Filtration 218

To prevent LLMs from failing to accurately identify 219

errors in previous reasoning during the reflection 220

process, the Reflection-aware Information Filtra- 221

tion module aims to optimize the model’s reflection 222

by constraining the information flow, suppressing 223

the retention of erroneous or redundant informa- 224

tion, and promoting the transmission and retention 225

of accurate and useful information. 226

Information Bottleneck. The Information Bot- 227

tleneck theory (Tishby et al., 2000) introduces an 228

intermediate variable Z, whose objective is to com- 229

press the input as much as possible while retaining 230

sufficient information to recover the target output. 231

As shown in Figure 3, in the context of LLM rea- 232

soning, Q along with T together serve as input. We 233

use X = [Q,T ] to represent them. The reflection 234
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Figure 3: Information Bottleneck adopted in Reflection-
aware Information Filtration module. The Information
Bottleneck aims to suppress erroneous information and
redundant information flow (left). By minimizing LIB ,
the token entropy is reduced (right).

R serves as the intermediate representation, and235

the groundtruth answer L as the output.236

IB theory formulates this trade-off using mutual237

information (MI) to quantify statistical dependence.238

The MI between X and R is denoted as I(X;R),239

which measures how much information about X240

is preserved in R. A higher mutual Information241

indicates that more of the X can be reconstructed242

for R, whereas a lower value suggests that R is a243

compressed, less redundant encoding of X . How-244

ever, minimizing I(X;R) alone can lead to loss245

of task-relevant information. To address this, IB246

theory simultaneously maximizes I(R;L), which247

is the MI between L and R. In this manner, the248

IB theory ensures the retained information in R249

remains sufficient for accurately predicting L.250

To this end, the optimization objective is:251

LIB = I(X;R)− β · I(R;L), (1)252

where β is a hyper-parameter.253

Under this formulation, minimizing I(X;R) en-254

courages the reflection to filter out redundant or255

erroneous content, reducing mechanical repetition256

of earlier reasoning. Concurrently, maximizing257

I(R;L) promotes the retention of task-relevant in-258

formation within the reflection, thereby alleviating259

the “Echo Reflection” phenomenon.260

Proxy Metrics. While the IB objective provides a261

principled framework for guiding information flow262

during reflection, directly computing mutual infor-263

mation terms I(X;R) and I(R;L) is intractable in264

high-dimensional generative models such as LLMs265

(Alemi et al., 2017; Shwartz-Ziv and Tishby, 2022).266

To this end, we propose the Proxy Metrics for an267

efficient estimate of the mutual information.268

By definition, the mutual information I(X;R) is 269

given by I(X;R) = H(X)−H(R|X), whereH(·) 270

denotes entropy. Under a fixed X at the reflection 271

stage, H(X) can be regarded as a constant and 272

therefore minimizing I(X;R) leads to maximize 273

H(R|X). Specifically, the token-level entropy of 274

the reflection step is denoted as: 275

Hoi = −
∑
v∈V

πθ(v|q, o<i)logπθ(v|q, o<i). (2) 276

Hence, the average policy entropy H̄R over the 277

reflection stage is: 278

H̄R =
1

|R|
∑
yi∈R
Hoi . (3) 279

The H̄R, measures the information capacity of 280

the reflection received from the thinking. Lower en- 281

tropy implies higher predictability of the reflection 282

given the initial reasoning, indicating stronger de- 283

pendence (i.e., higher mutual information). Thus, 284

we interpret higher entropy as a signal of reduced 285

dependence on T . 286

To estimate I(R;L), we define a heuristic contri- 287

bution indicator C to measure how much the reflec- 288

tion improves the likelihood of producing a correct 289

answer. Higher C reflects greater task-relevant in- 290

formation retained in R, corresponding to higher 291

I(R;L). Hence C is a proxy of I(R;L): 292

C =


αpre, if D = L and A = L

αfix, if D ̸= L and A = L

0, if D ̸= L and A ̸= L

−αreg, if D = L and A ̸= L

(4) 293

where αpre rewards preserving a correct draft, αfix 294

rewards fixing an incorrect draft, and αreg penalizes 295

regressions from correct to incorrect; we enforce 296

αfix > αpre > 0 and αreg > 0. 297

3.3 Adaptive Entropy Optimization 298

Another key factor that leads to ER phenomenon is 299

the insufficient exploration of internal knowledge 300

during reasoning. To tackle this problem, we adopt 301

the Adaptive Entropy Optimization mechanism to 302

balance the model’s exploration and exploitation. 303

Adaptive Entropy. To quantify the degree of ex- 304

ploration at each stage of reasoning, we compute 305

the average token-level entropy for the thinking- 306

stage and reflection stage with Equation 2, yielding 307

H̄T and H̄R, respectively. 308
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A common practice in reinforcement learning309

is to inject entropy into the Bellman backup to en-310

courage exploration. Following this, one might311

directly maximize H̄T and H̄R. However, exces-312

sive entropy can lead to incoherent reasoning by313

promoting erroneous decision-making, while min-314

imizing entropy may improve precision but at the315

cost of stifling exploration and creativity.316

To balance these extremes, we aim to maintain317

entropy near a task-suitable target H∗. Based on318

this, we adopt an adaptive entropy mechanism as:319

FAE(H̄) = −∥H̄ −H∗∥2, (5)320

where H̄ ∈ {H̄T , H̄R}. This adaptive mechanism321

guides both thinking and reflection stages to bal-322

ance exploration and exploitation, respectively.323

Gated Adaptive Entropy. While exploration fos-324

ters diversity, it also introduces the risk of incorrect325

reasoning. To address this, we use a Gated Adap-326

tive Entropy (GAE) mechanism, ensuring that en-327

tropy rewards for reflection are only applied when328

the output is correct, thereby gating them by the329

final correctness.330

FGAE =
∑

H̄∈{H̄T ,H̄R}

FAE(H̄) ∗ 1correct. (6)331

Minimizing L(Oi) jointly minimizes the Infor-332

mation Bottleneck term LIB , which suppresses333

redundant or misleading information during reflec-334

tion, and maximizes FGAE , introducing a prefer-335

ence for controlled entropy dynamics. Hence the336

total objective for output Oi is:337

L(Oi) = LIB −FGAE . (7)338

Formulation of AEPO. Following previous works339

(Yu et al., 2025; Guo et al., 2025), we use token-340

level policy gradient loss, which is denoted as:341

LAEPO(θ) = E(Q,L)∼D,{Oi}Gi=1∼πθold (·|Q)

[
1∑G

i=1 |Oi|

G∑
i=1

[
L(Oi) +

|Oi|∑
t=1

min
(
ri,t(θ)Âi,t, clip(i, t)Âi,t

)]]
,

(8)342

where 343

ri,t(θ) =
πθ(oi,t | Q,Oi,<t)

πθold(Oi,t | Q, oi,<t)
,

Âi,t =
Ri −mean({Ri}Gi=1)

std({Ri}Gi=1)
,

clip(i, t) = clip
(
ri,t(θ), 1− ϵlow, 1 + ϵhigh

)
.

(9) 344

4 Experiments 345

4.1 Experimental Setup 346

Datasets. We evaluate the proposed AEPO frame- 347

work on both in-distribution (I.D.) and out-of- 348

distribution (O.O.D.) datasets. The I.D. datasets in- 349

clude: (1) MedQA (Jin et al., 2021), which contains 350

10,178 training and 1,273 testing QA pairs from 351

professional medical board exams; (2) MedMcQA 352

(Pal et al., 2022), which contains 182,822 training 353

and 4,183 testing QA pairs from real-world medical 354

entrance exams. The O.O.D datasets include: (1) 355

MMLU-Pro (Wang et al., 2024), which is a multi- 356

task language understanding benchmark compris- 357

ing 12,000 questions spanning diverse academic 358

domains; (2) GPQA (Rein et al., 2024), which 359

is a subject-specific QA dataset covering biology, 360

physics, and chemistry domains. (3) MATH-500, 361

which contains a subset of 500 problems from the 362

MATH benchmark that OpenAI (Lightman et al., 363

2023). (4) AIME 24, which contains problems 364

from the American Invitational Mathematics Exam- 365

ination 2024. (5) AMC 23, which is a mathematical 366

dataset with 40 problems. 367

Training Details. All models are trained on 4 368

Nvidia A6000 GPU, using the EasyR1 frame- 369

work (Zheng et al., 2025). We adopt Qwen2.5- 370

7B-Instruct (Team, 2024) (denoted as Qwen-7B) 371

and LLaMA3-8B-Instruct (Dubey et al., 2024) (de- 372

noted as LLaMA-8B) as base models for most ex- 373

periments. Training is conducted with bfloat16 374

precision using the AdamW optimizer, a constant 375

learning rate of 1 × 10−6, and a linear warm-up 376

over the first 10 steps. Each batch contains 64 377

prompts, with 5 responses sampled per prompt. 378

For language model decoding, we set the temper- 379

ature to 1.0 and top-p to 0.99. Following DAPO 380

(Yu et al., 2025), we use clipped policy ratios with 381

ϵlow = 0.2 and ϵhigh = 0.28. We set αpre=0.4, 382

αfix=0.6, αreg=0.3, and use β=1,H∗=0.67 in all 383

experiments. 384

Inference Details. We report pass@1 on both 385

I.D. and O.O.D. datasets, where pass@1 is de- 386

fined as the proportion of questions for which the 387
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Model #Params MedQA MedMcQA
Mistral 7B 48.2 44.6
Yi-1.5 9B 50.8 48.7

LLaMA-3.1 8B 58.7 56.0
LLaMA-3.1 + CoT 8B 57.7 56.6

LLaMA-3.1 + GRPO 8B 63.8 57.4
LLaMA-3.1 + DAPO 8B 62.9 59.8

Qwen2.5 7B 57.0 55.6
Qwen2.5 + CoT 7B 57.7 56.4

Qwen2.5 + GRPO 7B 58.4 56.2
Qwen2.5 + DAPO 7B 57.1 57.4
AEPO-L (Ours) 8B 68.5 64.3
AEPO-Q (Ours) 7B 62.5 61.6

Table 1: Comparison results (Pass@1) on MedQA and
MedMcQA. AEPO-L and AEPO-Q denote LLaMA-3.1
w/ AEPO and Qwen2.5 w/ AEPO, respectively.

model’s single generated answer exactly matches388

the ground-truth answer. In the I.D. setting, models389

are trained on the training split and evaluated on the390

corresponding test split. In the O.O.D. setting, we391

directly evaluate the I.D.-trained models on unseen392

O.O.D. datasets without further adaptation. For in-393

ference stability, the decoding temperature is fixed394

at 0 during inference.395

4.2 Overall Comparison Results396

Comparisons On In-Distribution Dataset. To397

evaluate the effectiveness of our proposed AEPO398

method in enhancing LLM reasoning in knowledge-399

intensive question answering, we compare AEPO400

with mainstream reinforcement learning with veri-401

fiable reward (RLVR) approaches across multiple402

LLM backbones. Answer accuracy is reported on403

both the MedQA and MedMcQA benchmarks, as404

shown in Table 1, respectively. From the exper-405

imental results, we can observe that: (1) AEPO406

consistently outperforms existing RLVR baselines,407

including GRPO and DAPO, demonstrating its ef-408

fectiveness in mitigating the Echoed Reflection phe-409

nomenon during multi-stage inference; (2) Specifi-410

cally, our AEPO outperforms the DAPO by 5.4%411

and 5.6% on Qwen-7B and LLaMA-8B, respec-412

tively. These remarkable results demonstrate that413

our proposed AEPO method effectively enhances414

reasoning by suppressing incorrect reasoning in the415

thinking stage and promotes more accurate final416

answers. (3) Moreover, AEPO achieves superior417

performance across both MedQA and MedMcQA,418

indicating its stronger capacity to explore and lever-419

age the internal knowledge embedded within large420

language models.421

Comparisons On Out-of-Distribution Dataset.422

To further evaluate the generalization capability of423

our model in handling O.O.D. problems, we con-424

duct additional experiments on unseen datasets and 425

compare our method with state-of-the-art (SOTA) 426

baselines. Specifically, as shown in Figure 4, sub- 427

figure (a) is the experimental results of LLaMA-8B 428

trained on the MedMcQA dataset, and subfigure (b) 429

is the experimental results of Qwen-7B trained on 430

MedQA. We directly validate the O.O.D. without 431

additional training. The results reveal the following 432

insights: (1) Our proposed AEPO method signifi- 433

cantly outperforms existing SOTA methods on both 434

domains, demonstrating stronger generalization to 435

unfamiliar problem types. (2) We attribute this im- 436

proved generalization to the Adaptive Entropy Op- 437

timization module, which enables deeper and more 438

efficient exploration of the solution space while 439

avoiding policy collapse. (3) Moreover, AEPO 440

effectively filters out irrelevant or misleading infor- 441

mation during open-ended reasoning, enabling the 442

model to maintain coherent and accurate inference 443

paths even under high uncertainty. 444

4.3 Further Analysis 445

Ablation Study. As shown in Table 2, we con- 446

ducted ablation studies on both MedQA and MedM- 447

cQA. The experimental results reveal the follow- 448

ing key observations: (1) The comparison between 449

setting No.0 and No.1 demonstrates the effective- 450

ness of the proposed RIF module. By constrain- 451

ing the cognitive information flow and suppress- 452

ing the influence of erroneous or redundant inter- 453

mediate reasoning, RIF significantly improves the 454

model’s ability to generate correct answers. (2) The 455

performance gap between settings No.1 and No.6 456

highlights the impact of Adaptive Entropy Opti- 457

mization. By dynamically regulating the policy en- 458

tropy in the thinking stage, AEO enables deeper yet 459

controlled exploration. When combined with RIF, 460

this leads to notably improved reasoning perfor- 461

mance. (3) The comparison between settings No.4 462

and No.7 reveals the importance of the Correctness- 463

Gated Entropy Reward mechanism. By condition- 464

ing entropy-based exploration rewards on the cor- 465

rectness of the final answer, this component helps 466

ensure that exploratory behaviors contribute mean- 467

ingfully to reasoning quality. 468

Comparisons On Finetuned Model. To com- 469

prehensively evaluate the effectiveness of the pro- 470

posed AEPO in leveraging domain-specific knowl- 471

edge, we conducted additional experiments on 472

HuatuoGPT-O1-8B (Chen et al., 2024), which has 473

been fine-tuned specifically for the medical domain. 474

As shown in Table 3, the following observations 475
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No. RIF AEO MedQA MedMcQA
AE GAE Llama Qwen LLaMA Qwen

0 - - - 58.7 57.0 56.0 55.6
1 ✔ - - 62.3 58.4 56.6 56.8
2 - ✔ - 63.7 58.6 57.9 57.8
3 - - ✔ 59.4 57.8 57.4 57.4
4 ✔ ✔ - 65.8 60.7 59.3 58.8
5 - ✔ ✔ 66.0 61.2 61.5 59.2
6 ✔ - ✔ 65.4 60.2 59.4 58.6
7 ✔ ✔ ✔ 68.5 62.5 64.3 61.6

Table 2: Ablation Study on MedQA and MedMcQA.
Dataset MedQA MedMcQA
Baseline 72.6 60.4
w/ GRPO 72.4 57.3
w/ DAPO 71.2 61.7

w/ AEPO (Ours) 75.4 63.9

Table 3: Results on Domain Specific Finetune.
Dataset MedQA MedMcQA
Baseline 58.4 56.5
w/ GRPO 59.2 58.2
w/ DAPO 62.4 60.1

w/ AEPO (Ours) 68.5 63.7

Table 4: Results on Additional Prompts.
can be made: (1) Incorporating domain-specific476

knowledge leads to significant performance gains477

for HuatuoGPT-O1-8B over the base models. How-478

ever, existing RLVR methods show limited addi-479

tional improvements, indicating their inability to480

effectively utilize domain-specific information. (2)481

In contrast, our AEPO method consistently outper-482

forms both HuatuoGPT variants by 3.0% and 4.2%483

on MedQA, demonstrating its superior capacity to484

exploit internal knowledge. We attribute this to the485

AEO module, which facilitates deeper and more486

controlled exploration of the solution space while487

mitigating the risk of policy collapse.488

Analysis on Additional Prompts. To further489

demonstrate the robustness of our AEPO method490

across different Chain-of-Thoughts (CoTs), we491

conduct additional experiments using alternative492

prompts. In addition to the four-stage reasoning493

prompt introduced in our main framework, we494

also adopt an R1-style CoT prompt following Guo495

et al. (2025). The prompt is provided in the Ap-496

pendix. Experimental results show that under the497

R1-style CoT setting, AEPO significantly outper-498

forms the GRPO baseline. It highlights the prompt-499

robustness of AEPO and its strong transferability500

across different reasoning paradigms.501

Analysis on Creativity Index. To highlight the in-502

fluence of our proposed RIF module, we visualize503

the Creativity Index (Lu et al., 2024) of LLaMA504

models on the MedMcQA dataset under different505

RL strategies using violin plots. The CI measures506

the creativity of model outputs, where higher values507

indicate more novel generations, while lower val-508

MMLU-Pro

GPQA

AIME 24

MATH 500

AMC 23
10

20
30

40
50

(a)

Basemodel
w/ DAPO
w/ AEPO (ours)

MMLU-Pro

GPQA

AIME 24

MATH 500

AMC 23
10

20
30

40
50

60

(b)

Basemodel
w/ DAPO
w/ AEPO (ours)

Figure 4: Performances on O.O.D. datasets.
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Figure 5: Violin plot of creativity index on MedMcQA.
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Figure 6: Visualization of hyperparameter sensitivity
analysis of β andH∗ on MedQA dataset.

ues suggest a tendency to copy from the reference 509

corpus. In our setting, we construct the reference 510

corpus by concatenating all the input questions with 511

the model’s response of the thinking-stage, and 512

then evaluate the CI of the corresponding reflection 513

stage. The results reveal that both LLaMA-8B w/ 514

RIF and Qwen-7B w/ RIF achieve substantially 515

higher Creativity Index scores compared to their 516

counterparts with DAPO. This suggests that the 517

RIF module effectively suppresses the influence 518

of prior thinking content during reflection, thereby 519

mitigating the Echo Reflection phenomenon and 520

encouraging more original reflective reasoning. 521

Analysis on Hyperparameter Sensitivity. As 522

shown in Figure 6, we study the impact of the two 523

key hyperparameters, β and H∗ on the MedQA 524

dataset. Note that β and [αpre, αfix, αreg] are cou- 525

pled; thus, we fix [αpre, αfix, αreg] and only analyze 526

sensitivity to β to avoid redundant hyperparameter 527

sweeps. Several observations can be made: First, 528

small β leads to overly aggressive compression in 529

the reflection stage, suppressing task-relevant infor- 530

mation, whereas large β allows erroneous or redun- 531
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An empty cavity in the mandible with no lining ismostly likely to be: 
A: Aneurysmal bone cyst B: Idiopathic bone cavity C: Dentigerous cyst D: KeratocystQuestion

LLaMA
w/ GRPO

B: Idiopathic bone cavity - This term is not a specific medical diagnosis. It could refer to a 
variety of conditions, but without more information, it's difficult to determine its relevance.

Reflection:
...... Upon the answer “D: Keratocyst”, it's essential 
to note that the question's description of an "empty 
cavity" might be misleading, as most cysts and 
tumors have some degree of lining or wall. However, 
b a s e d  o n  t h e  o p t i o n s  p r o v i d e d  a n d  t h e 
characteristics of each condition, Keratocyst is the 
most likely diagnosis. It's also worth considering that 
a thorough clinical and radiographic evaluation 
would be necessary to confirm the diagnosis.

D: Keratocyst - This is a type of odontogenic cyst that is known for its aggressive behavior 
and potential for recurrence. It often presents as a unilocular radiolucency in the mandible 
or maxilla, and it can have a thin, fibrous lining.

The one that best fits the description of an empty cavity in the mandible with no lining is 
the Keratocyst. This is because it can present as a unilocular radiolucency without a 
distinct lining, and it is a known cause of empty cavities in the mandible.

B: Idiopathic bone cavity: This term is not commonly used in dental or medical literature. 
It's possible that it's a distractor or a term that's not relevant to the context of the question.  

D: Keratocyst (now known as Keratocystic odontogenic tumor): A type of odontogenic 
tumor that's characterized by a thin, epithelial lining. It's known for its aggressive behavior 
and potential to recur.2. Analyzing the characteristics:   

The question specifies an "empty cavity in the mandible with no lining." This is a crucial 
detail that helps narrow down the options.  Keratocysts are characterized by a thin, 
epithelial lining, which also doesn't match the "no lining" description. Based on the 
analysis, the option that best fits the description of an "empty cavity in the mandible with 
no lining" is the Idiopathic bone cavity. 

Reflection:
...... I realized that the term "Idiopathic bone cavity" 
might not be the most accurate answer, but it was 
the closest match based on the description. I took a 
closer look at the options again and decided to go 
with the answer that best fit the description.
I'm confident in my answer, but I'm also aware that 
there might be other possibil it ies that I didn't 
consider.

Groundtruth: B: Idiopathic bone cavity

Answer: D: Keratocyst

Answer: B: Idiopathic bone cavity

LLaMA
w/ AEPO

(Ours)

Figure 7: Quality visualization analysis. It presents responses of LLaMA w/GRPO and our proposed LLaMA
w/AEPO. The left side of the dashed line illustrates the content of thee model’s thinking-stage, while the right side
displays the content of the reflection-stage and the final answer. Key contents are highlighted in different colors.

dant reasoning signals to propagate. This trend is532

consistent across both LLaMA-8B and Qwen-7B,533

highlighting the importance of balancing informa-534

tion compression and preservation. Second, H∗535

plays a crucial role in regulating exploration during536

reasoning. Low H∗ induces overly deterministic537

policies, while excessively high H∗ encourages538

uncontrolled exploration, resulting in noisy or inco-539

herent reasoning trajectories. Finally, we observe540

a broad region of high performance in the (β,H∗)541

space, indicating that AEPO is robust to reasonable542

hyperparameter variations.543

Qualitative Analysis. As shown in Figure 7,544

we present a qualitative analysis that compares545

the question answer results from the MedMcQA546

dataset. For clarity, we only visualize the criti-547

cal reasoning contents leading to divergent deci-548

sions between LLaMA w/ GRPO and our LLaMA549

w/ AEPO. The visualization reveals that, during550

the thinking stage, LLaMA w/ AEPO conducts a551

more refined analysis of the options. Notably, when552

evaluating the correct option B, LLaMA w/ AEPO553

successfully connects “bone cavity” and “no lin-554

ing” (highlighted with a red rectangle), enabling555

a correct judgment. This capability is largely at-556

tributed to our proposed AEO module, which dy-557

namically adjusts entropy to balance exploration558

and exploitation. Moreover, during the reflection559

phase, LLaMA w/ AEPO demonstrates enhanced560

metacognitive awareness. For instance, it explicitly561

acknowledges: “Idiopathic bone cavity might not562

be the most accurate answer” (highlighted with a563

blue rectangle). This indicates that the model main- 564

tains critical awareness of terminology, avoiding 565

cognitive fixation. In contrast, LLaMA w/ GRPO 566

makes an incorrect judgment early in reasoning 567

and, during reflection, fails to correct the error, in- 568

stead reiterating its flawed reasoning (highlighted 569

with a yellow rectangle). This highlights the vulner- 570

ability of conventional frameworks to error prop- 571

agation and entrenchment. Our Reflection-aware 572

Information Filtering module mitigates such Echo 573

Reflection by selectively filtering and reconstruct- 574

ing intermediate reasoning information. More qual- 575

itative analysis on the medical domain and other 576

domains can be found in the Appendix. 577

5 Conclusion 578

In this paper, we identified the Echo Reflection 579

phenomenon, where language models fail to per- 580

form meaningful cognitive updates during reflec- 581

tion. Through step-wise policy entropy analysis, 582

we found that low entropy suppresses the retrieval 583

and utilization of inherent knowledge, leading to 584

ER. To address this, we proposed Adaptive Entropy 585

Policy Optimization (AEPO), which enhances rea- 586

soning with two key components: Reflection-aware 587

Information Filtration, guided by information bot- 588

tleneck theory, and Adaptive Entropy Optimization, 589

formulated via dynamic entropy adjustment. To- 590

gether, they effectively mitigate ER by promoting 591

more informative and adaptive reasoning processes. 592

In the future, we will explore additional strategies 593

to further improve reasoning effectiveness. 594
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Limitation595

While the proposed AEPO framework demon-596

strates strong empirical performance in mitigating597

the Echo Reflection phenomenon, several limita-598

tions merit discussion. (1) Although AEPO is con-599

ceptually grounded in the IB principle, it relies on600

proxy metrics rather than direct mutual informa-601

tion estimation, which is currently infeasible for602

LLMs. Identifying more expressive yet computa-603

tionally viable proxies remains an important direc-604

tion for future work. (2) AEPO improves reflection605

quality indirectly through entropy regulation and606

information filtering, rather than explicitly model-607

ing erroneous beliefs or structured cognitive states;608

exploring tighter connections between entropy and609

explicit cognitive modeling may further enhance610

interpretability and theoretical grounding.611
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A Overview807

B More Detailed Implementation808

We provide a more detailed implementation, in-809

cluding hardware platform and prompts, which is810

difficult to mention due to space limits.811

B.1 Implementation Detail812

All experiments were conducted on a server813

equipped with 4 NVIDIA A6000 GPUs on Ubuntu814

22.04.5 LTS platform with EaryR1 framework815

(Zheng et al., 2025). We used NVIDIA driver ver-816

sion 535.247.01 with CUDA 12.2. We set all ran-817

dom seeds to 1 to reduce the impact of stochasticity818

across runs.819

The overall tarining pipline of the AEPO method820

is shown in Algorithm 1.821

B.2 Prompt822

The prompt used in 4-step response and R1-like823

(Shao et al., 2024) response is shown in Figure 8824

and Figure 9, respectively.

You are a senior expert in the medical field. Your 
task is to accurately answer the given medical 
question through careful analysis, thorough 
reasoning, and by integrating relevant medical 
knowledge with a clear understanding of the 
question. 
You must follow a 4-step reasoning process: 
First, THINK through the reasoning and enclose 
i t  wi thin <THINKING></THINKING> tags. 
Second, TRY to answer and wrap it in \boxed{}. 
Third, REFLECT on your answer and enclose it 
within <REFLECTION></REFLECTION> tags. 
Finally, give your FINAL answer, also wrapped in 
\boxed{}.

4-Step Response 

Figure 8: 4-step Response Prompt.

825

You are a senior expert in the medical field. Your 
task is to accurately answer the given medical 
question through careful analysis, thorough 
reasoning, and by integrating relevant medical 
knowledge with a clear understanding of the 
question. 
You must follow a 2-step reasoning process: 
First, THINK through the reasoning and enclose 
it within <THINKING></THINKING> tags. Then, 
give your answer, and wrapped in \boxed{}.

R1-like Response 

Figure 9: R1-like Response Prompt.

Model #Params Pass@1
Mistral 7B 59.5
Yi-1.5 9B 69.8

LLaMA-3.1 8B 75.2
LLaMA-3.1 + CoT 8B 74.6

LLaMA-3.1 + GRPO 8B 75.7
LLaMA-3.1 + DAPO 8B 75.4

Qwen2.5 7B 72.7
Qwen2.5 + CoT 7B 73.1

Qwen2.5 + GRPO 7B 74.9
Qwen2.5 + DAPO 7B 73.6
AEPO-L (Ours) 8B 77.2
AEPO-Q (Ours) 7B 76.3

Table 5: Comparison Results on PubMedQA Dataset.
The AEPO-L and AEPO-Q indicate LLaMA-3.1 w/
AEPO and Qwen2.5 w/ AEPO, respectively.

Method Act. Adv. Gen.
LLaMA w/ DAPO 2.870 7.97e-5 0.882
LLaMA w/ AEPO 2.325 8.25e-5 0.897
Qwen w/ DAPO 1.632 1.52e-4 0.703
Qwen w/ AEPO 1.727 1.68e-4 0.756

Table 6: Comparison of Computational Cost per-Token
During Training. We report average time cost (ms/-
token) for actor update (Act.), advantage computation
(Adv.), and token generation (Gen.)

C Further Quantitative Analysis 826

C.1 Additional Analysis on I.D. Dataset 827

We conducted a comprehensive evaluation of our 828

proposed AEPO method on the PubMedQA dataset 829

(Jin et al., 2019), utilizing both Qwen2.5-7B- 830

Instruct (Team, 2024) and LLaMA3.1-8B-Instruct 831

(Dubey et al., 2024) as backbone models. The ex- 832

perimental results are summarized in Table 5. (1) 833

AEPO consistently outperforms existing reinforce- 834

ment learning with value regularization (RLVR) 835

baselines, including GRPO and DAPO. This con- 836

sistent improvement highlights AEPO’s effective- 837

ness in mitigating the Echo Reflection (ER) phe- 838

nomenon during multi-stage inference. (2) In par- 839

ticular, AEPO achieves performance gains of 1.4% 840

and 1.5% over GRPO (Shao et al., 2024) when 841

applied to Qwen2.5 and LLaMA3.1, respectively. 842

These significant improvements underscore the ca- 843

pacity of AEPO to enhance reasoning quality by 844

suppressing erroneous inferences introduced dur- 845

ing the initial thinking phase, thereby facilitating 846

more accurate final predictions. 847

Additional Analysis on Computational Cost. As 848

shown in Table 6 We further compare the average 849

computational time (in milliseconds per token) for 850

three major stages in the reinforcement learning 851

training loop: actor update (Act.), advantage cal- 852
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Figure 10: Violin plot of creativity index on MedQA.
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Figure 11: Visualization of training dynamics.

culation (Adv.), and token generation (Gen.). The853

reported values reflect the average latency required854

to process each token, serving as a fine-grained pro-855

filing of computational overhead across different856

components of the training pipeline. From the table,857

we observe that our proposed AEPO method incurs858

a comparable computational cost to DAPO (Yu859

et al., 2025), while achieving significantly supe-860

rior performance. This demonstrates the efficiency861

and effectiveness of AEPO, highlighting its practi-862

cal advantages in balancing reasoning quality and863

training overhead.864

Analysis on RL Training Dynamics. To further865

illustrate the advantages of the proposed AEPO866

algorithm, we visualize the training dynamics of867

policy entropy and reward during training for two868

methods: GRPO and AEPO. As shown in Fig-869

ure 11 (a), the GRPO exhibits a rapid decay in870

policy entropy, leading to premature convergence871

to a suboptimal policy. However, our proposed872

AEPO algorithm effectively mitigates the entropy873

collapse problem commonly observed in reinforce-874

ment learning while also avoiding the instability875

caused by excessive entropy. Figure 11 (b) fur-876

ther supports this claim: while DAPO quickly con-877

verges after entropy drops, AEPO is able to main-878

tain effective exploration throughout training. We879

attribute this behavior to the AEO module, which880

strikes a dynamic balance between exploration and881

exploitation. This balance enables AEPO to sustain882

high-quality exploration of domain-specific knowl- 883

edge, ultimately improving reasoning performance. 884

Additional Analysis on Creativity Index. We 885

further perform supplementary experiments on the 886

MedQA dataset (Jin et al., 2021) to visualize the 887

Creativity Index (Lu et al., 2024) of model re- 888

sponses using violin plots, as shown in Figure 10. 889

The Creativity Index quantitatively assesses the 890

originality of model outputs, with higher values in- 891

dicating more novel generations and lower values 892

reflecting greater reliance on the reference corpus. 893

We follow the same experimental setup as in the 894

main paper’s Creativity Index evaluation, except 895

that we use a different dataset. The results demon- 896

strate that both LLaMA-8B with RIF and Qwen- 897

7B with RIF achieve significantly higher Creativ- 898

ity Index scores than their respective DAPO-based 899

counterparts. This indicates that the RIF module 900

effectively reduces the influence of prior reasoning 901

during the reflection phase, thereby alleviating the 902

Echo Reflection phenomenon and promoting more 903

original and independent reflective reasoning. 904

D Additional Qualitative Analysis 905

D.1 Analysis on I.D. Dataset 906

We present addition qualitative analysis on I.D. 907

dataset MedMcQA (Pal et al., 2022). As illus- 908

trated in Figure 12, both our model (LLaMA w/ 909

AEPO) and comparison model (LLaMA w/ GRPO) 910

correctly identified “Candida is not typically con- 911

sidered a significant teratogen” (highlighted with 912

a green rectangle); however, neither produced the 913

correct final judgment. Notably, the two models di- 914

verged significantly in the reflection-stage. Specif- 915

ically, LLaMA w/ GRPO was heavily influenced 916

by the erroneous reasoning established during the 917

initial thinking phase and failed to break free from 918

these misconceptions(highlighted with blue and 919

red rectangles). This resulted in the propagation 920

of incorrect reasoning into the reflection stage, ul- 921

timately leading to an incorrect conclusion. In 922

contrast, our model successfully recognized during 923

the reflection the necessity of carefully examining 924

“the specific effects of each infection on the fetus” 925

(highlighted with a yellow rectangle), thereby re- 926

vising the earlier judgment and arriving at a correct 927

reasoning trajectory. These results demonstrate 928

that, compared to GRPO, our method AEPO more 929

effectively regulates the flow of information by 930

leveraging the IB theory, thus preventing the prop- 931

agation of faulty reasoning. Moreover, through a 932
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During pregnancy baby can be affected in utero in all except: 
A: Candida B: Syphilis C: Toxoplasmosis D: PolioQuestion

LLaMA
w/ GRPO

A: Candida  This is a type of fungus that can cause vaginal yeast infections in pregnant 
women. While it can cause discomfort and potentially lead to preterm labor, it is not 
typically considered a significant teratogen.

Reflection:
...... Upon reflection, it's essential to note that while 
Candida can cause discomfort and potentially lead 
to preterm labor, it is not typically considered a 
significant teratogen. However, it's crucial to monitor 
and manage vaginal  yeast  infect ions dur ing 
pregnancy to prevent potential complications. The 
other options, syphilis, toxoplasmosis, and polio, are 
all known teratogens that can cause significant harm 
to the developing fetus if left untreated.

D: Polio  This is a viral infection that can be transmitted from mother to fetus during 
pregnancy. Polio can cause severe birth defects, including muscle weakness and paralysis.

...... Considering the options, Candida is the least likely to cause significant harm to the 
fetus in utero compared to the other options, which are all known teratogens. ......

A: Candida: A type of fungus that can cause infections in the body. While it can cause 
issues during pregnancy, such as vaginal yeast infections, it's not typically known for 
causing significant fetal harm in utero.    

D: Polio: A viral infection that can cause paralysis and other serious health issues. 
However, polio is typically not transmitted from mother to fetus during pregnancy.

...... We need to identify which of these infections is least likely to affect the baby in utero. 
Candida can cause issues during pregnancy. ......

Reflection:
...... Reflected on my thought process, I realized that: 
I should have considered the mode of transmission 
for each infection during pregnancy. I should have 
looked into the specific effects of each infection on 
the fetus. I should have been more precise in my 
analysis to avoid any confusion.These reflections 
will help me ......

Groundtruth: D: Polio

Answer: A: Candidaa

Answer: D: Polio

LLaMA
w/ AEPO

(Ours)

QA supp Medical

Figure 12: Quality visualization analysis on I.D. Dataset. It presents responses of LLaMA with GRPO (LLaMA
w/GRPO) and our proposed AEPO method (LLaMA w/AEPO). The left side of the dashed line illustrates the
content of thee model’s thinking-stage, while the right side displays the content of the reflection-stage and the final
answer. Key contents are highlighted in different colors.

In how many ways can 8 people sit around a round table if 3 of the people -- Pierre, Rosa, and Thomas 
-- all want to sit together?  (Two seatings are considered the same if one is a rotation of the other.)Question

LLaMA
w/ GRPO

...... Now, we need to arrange the 5 remaining units (the "PRT" unit and the 4 other people) 
around the table. This is a circular permutation problem, and the number of ways to 
arrange n distinct objects in a circle is (n-1)!. In this case, we have 5 units to arrange, so 
the number of ways to arrange them is (5-1)! = 4!. 
......
However, we need to consider that the 3 people within the "PRT" unit can also be 
arranged in 3! ways, but we have already counted this in the 3! ways to arrange the people 
within the "PRT" unit. Therefore, we need to divide the total number of arrangements by 3! 
to account for this overcounting.So, the final number of ways to arrange the 8 people 
around the table, with Pierre, Rosa, and Thomas sitting together, is: (4! × 3!) / 3! ......

Reflection:
...... We also fixed one person's position as a 
reference point to eliminate the overcounting of 
rotations of the same arrangement.The key insight 
in this problem is to recognize that the "PRT" unit 
can be arranged in 3! ways, but we have already 
counted this in the 3! ways to arrange the people 
within the "PRT" unit. Therefore, we need to divide 
the total number of arrangements by 3! to account 
for this overcounting......

Reflection:
......  I assumed that the problem does not consider 
any specific preferences or restrictions among the 
remaining 5 people. I did not consider any potential 
errors or edge cases, such as if any of the people 
were identical or if the table had a specific number 
of seats. I used basic arithmetic operations to 
calculate the final answer.....

Groundtruth: 720

Answer: A: 24

Answer: 720

LLaMA
w/ AEPO

(Ours)

QA supp Math

...... First, let's calculate the number of ways to arrange these 6 units (the "PRT" unit and 
the remaining 5 people) around a round table. Since the table is round, we can fix one 
person's posit ion as a reference point to avoid counting rotations as different 
arrangements. With one position fixed, there are 5! ways to arrange the remaining 5 units 
around the table. Now, within the "PRT" unit, Pierre, Rosa, and Thomas can be arranged 
among themselves in 3! ways. To find the total number of ways to seat the 8 people with 
the condition that Pierre, Rosa, and Thomas must sit together, we multiply the number of 
ways to arrange the 6 units around the table by the number of ways to arrange Pierre, 
Rosa, and Thomas within their unit. This gives us 5! * 3!.Let's calculate this:5! = 5 * 4 * 3 * 
2 * 1 = 1203! = 3 * 2 * 1 = 6Total number of ways = 5! * 3! = 120 * 6 = 720 ......

Figure 13: Quality visualization analysis on O.O.D. Dataset. It presents responses of LLaMA with GRPO (LLaMA
w/GRPO) and our proposed AEPO method (LLaMA w/AEPO). The left side of the dashed line illustrates the
content of thee model’s thinking-stage, while the right side displays the content of the reflection-stage and the final
answer. Key contents are highlighted in different colors.

more efficient exploration of the knowledge space,933

our model achieves higher reasoning accuracy dur-934

ing reflection.935

D.2 Analysis on O.O.D. Dataset936

We further present addition qualitative analysis on937

O.O.D. dataset MATH-500 (Lightman et al., 2023).938

The visualization (Figure 13) demonstrates that our939

model (LLaMA w/ AEPO) consistently generates 940

correct reasoning paths from the outset (highlighted 941

with a green rectangle), highlighting the superiority 942

of the AEO module in exploring the knowledge 943

space. Further analysis shows that the comparsion 944

model LLaMA w/GRPO model continues to ex- 945

hibit a strong influence from its initial think-stage 946

during reflection-stage (highlighted with red and 947
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blue rectangles), manifesting the typical Echo Re-948

flection error. In contrast, even when the initial rea-949

soning is correct, our model successfully engages950

in reflective evaluation of potential weaknesses,951

indicating the robustness of the RIF under both cor-952

rect and incorrect reasoning scenarios (highlighted953

with a yellow rectangle).954

Additionally, visualizations on the mathematical955

dataset further reveal that the ER phenomenon is956

not confined to the medical domain but is preva-957

lent across diverse reasoning tasks. Our proposed958

method demonstrates strong cross-domain general-959

ization capabilities, adapting effectively to complex960

reasoning environments across various fields with961

robustness and reliability.962

Algorithm 1 Algorithm for AEPO.
Input: policy model πθ; dataset D; hyperparame-
ters ϵlow, ϵlow; training steps S.
Output: πθ.

1: for step = 1, · · · , S do
2: Sample a minibatch Dm form D.
3: Update the old policy model πθold ← πθ.
4: Sample G outputs {Oi}Gi=1 ∼ πθold for Q ∈

Dm.
5: for i ∈ 1, · · · , G do
6: Compute reward ri for Oi.
7: Compute L(Oi) = min(LIB − FGAE)

for Oi.
8: Compute advantage Âi,t for each token

for Oi.
9: end for

10: Update πθ by maximizing the AEPO objec-
tive.

11: end for
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