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Abstract

Large Language Models (LLMs) excel in vari-
ous reasoning tasks, including complex math-
ematical reasoning. However, when applied
to domain-specific tasks, they consistently fail
to generate novel insights during the reflection
stage. Instead of conducting genuine cogni-
tive refinement, the model tends to mechan-
ically reiterate earlier reasoning steps with-
out introducing new information or perspec-
tives, a phenomenon referred to as “Echo Re-
flection”. We attribute this behavior to two
key defects: (1) Uncontrollable information
flow during response generation, which allows
premature intermediate thoughts to propagate
unchecked and distort final decisions; (2) An
imbalance between exploration and exploita-
tion of domain-relevant internal knowledge,
leading to repeating earlier findings rather than
generating new cognitive insights. Building
on these findings, we proposed a novel rein-
forcement learning method termed Adaptive
Entropy Policy Optimization (AEPO). Specif-
ically, the AEPO framework consists of two
major components: (1) Reflection-aware In-
formation Filtration, which quantifies the cog-
nitive information flow and prevents the final
answer from being affected by earlier bad cog-
nitive information; (2) Adaptive-Entropy Op-
timization, which dynamically balances explo-
ration and exploitation across different reason-
ing stages, promoting both reflective diversity
and answer correctness. Extensive experiments
demonstrate that AEPO consistently achieves
state-of-the-art performance over mainstream
reinforcement learning baselines across diverse
benchmarks. Our code is available at https://
anonymous. 4open.science/r/AEPO-7F3A.

1 Introduction

Large Language Models (LLMs) have significantly
enhanced reasoning capabilities by enabling longer
Chain-of-Thought processes and adopting sophis-
ticated reasoning methodologies. A key tech-
nique driving these improvements is Reinforcement

Q User Prompt 65

A quantum mechanical particle of o
mass m moves in two dimensions Limitied

Performance
60 |—1
55

Vanilla
w/ Prompt

in the following potential, as a
function of the polar coordinates
(r,0): V (r, ) = 1/2 kr*2 + 3/2 kr’2
cos”2(0) Find the energy spectrum.

Pass@1 (%) T

B q
%7 LLM Reasoning

<THINKING>

To find the ...

For the given potential, the
angular part modifies the 22
angular spectrum, but the radial
part remains a harmonic
oscillator...

</THINKING>

<REFLECTION>

The energy spectrum is primarily
determined by the radial part of
the potential, which is a 14
harmonic oscillator. The ...
</REFLECTION>

w /GRPO
w/ AEPO (Ours)

ER Rate (%) |

w/ GRPO
w/ AEPO (Ours)

Vanilla
w/ Prompt

(b) Performance and
“ER” Rate of Qwen-7B

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

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
et al., 2024; Yu et al., 2025; Dai et al., 2025; Chen
et al., 2025), where models optimize outputs based
on RL objectives tied to automated thinking and
reflective behavior.

Although these methods show promising perfor-
mance, we observe consistent failures when applied
to tasks involving complex domain-specific knowl-
edge (e.g., biology, physics, chemistry reasoning).
As shown in Figure 1(a), we present an example of
a failed reasoning attempt by Qwen2.5-7B-Instruct
(Team, 2024) on a physics problem. In the “Think-
ing” stage, the model erroneously states that “the
angular part modifies the angular spectrum, but the
radial part remains a harmonic oscillator”. In the
subsequent ‘“Reflection” stage, the model fails to
revise this mistake and instead mechanically reiter-
ates the same incorrect reasoning. Moreover, due
to the narrow scope of the initial “Thinking” stage,
alternative options are not critically evaluated in the
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“Reflection” stage, leading to shallow analysis and
limited knowledge utilization. This case illustrates
that the model fails to fully take advantage of inher-
ent knowledge during reasoning, thereby perform-
ing few genuine cognitive updates during reflection.
We refer to the phenomenon of a model merely re-
peating earlier reasoning during the reflection stage
without generating new insights as Echo Reflection
(ER). As illustrated in Figure 1(b), the upper image
shows that compared with the vanilla Qwen-7B
model, existing reinforcement learning methods
(w/ GRPO) and explicitly prompting the model
not to repeat erroneous content (w/ Prompt) yield
only marginal performance gains on knowledge-
intensive tasks. More importantly, the lower image
reveals that these approaches fail to substantially
reduce the occurrence of Echo Reflection. Both
the GRPO-based method and the explicit prompt-
ing method lead to only minimal decreases in ER
rate, indicating that erroneous reasoning patterns
continue to persist during reflection. These find-
ings reveal a fundamental limitation of current re-
inforcement learning frameworks in mitigating the
ER phenomenon.

We attribute this failure to two main factors in
the “Reflection” stage: (1) Uncontrolled propaga-
tion of prior errors, where incorrect intermediate
steps are preserved; (2) An imbalance between
exploration and exploitation of domain-relevant
internal knowledge, which limits the model’s abil-
ity to critically assess and revise its initial output.
Building on this, we propose a novel reinforce-
ment learning algorithm, termed Adaptive Entropy
Policy Optimization (AEPQO), designed to mitigate
the Echo Reflection problem, thereby enhancing
its reasoning capabilities in complex tasks. Specifi-
cally, as depicted in Figure 2, the AEPO framework
consists of two major components: (1) Reflection-
aware Information Filtration (RIF), inspired by In-
formation Bottleneck (IB) theory (Tishby et al.,
2000), aims to preserve task-relevant cognitive sig-
nals while suppressing misleading intermediate in-
formation during reasoning. It helps regulate the
internal flow of information to prevent early-stage
errors from contaminating final predictions. (2)
Adaptive-Entropy Optimization (AEO), which dy-
namically regulates the policy entropy conditioned
on exploration and exploitation balance.

Our contribution can be summarized as follows:

* We identify and characterize the “Echo Reflec-
tion” phenomenon, shedding light on a pre-

viously underexplored failure mode in LLM
reasoning over knowledge-intensive tasks.

* We take a closer look at the ER from an
information-theoretic perspective and propose
Reflection-aware Information Filtration, a
module grounded in Information Bottleneck
theory that constrains the flow of cognitive
information during reasoning.

* We introduce the AEPO algorithm, which en-
ables the model to balance exploration and ex-
ploitation during reinforcement learning, en-
couraging meaningful revisions and deeper
knowledge utilization during reflection.

2 Related Works

Reinforcement Learning in LLMs. Reinforce-
ment learning from human feedback (RLHF)
(Ouyang et al., 2022) has become a key paradigm
for aligning large language models with human
preferences. Recent advances (Schulman et al.,
2017b; Shao et al., 2024; Ahmadian et al., 2024)
have extended RLHF beyond instruction-following,
introducing verifiable reward functions to better in-
centivize complex reasoning. OpenAl’s ol (Jaech
et al., 2024) was the first to demonstrate that RL
can effectively elicit high-level reasoning abilities
in large-scale LLMs. Building on this, models such
as DeepSeek R1 (Guo et al., 2025), Qwen QwQ
(Team, 2024), and Kimi k1.5 (Team et al., 2025)
have sought to match or surpass o1’s performance.
Concurrently, a series of studies, including Open-
Reasoner-Zero (Hu et al., 2025), SimpleRL-Zoo
(Zeng et al., 2025), and Logic-RL, (Xie et al., 2025)
have explored direct RL-based fine-tuning of base
models, omitting the need for an intermediate su-
pervised fine-tuning phase. Other approaches, such
as Light-R1 (Wen et al., 2025) and DeepScaler
(Meng et al., 2023), propose specially crafted cold-
start datasets to encourage fine-grained, step-wise
reasoning during early training. The SRPO (Zhang
et al., 2025) framework further combines cold-start
strategies with GRPO (Shao et al., 2024) to en-
hance deep reasoning development. In parallel,
complementary methods such as VAPO (Yue et al.,
2025), DAPO (Yu et al., 2025), and S-GRPO (Dai
et al., 2025) aim to refine the GRPO framework by
improving reward formulation and advantage esti-
mation, thereby more effectively promoting com-
plex reasoning behaviors in LLMs.

Policy Entropy in Reinforcement Learning.
Stemmed in information theory, entropy has long
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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 learning
(RL). Classical entropy-regularized reinforcement
learning (ERL) (Ziebart et al., 2008; Toussaint,
2009) frameworks are often coupled with the soft
Bellman update (Schulman et al., 2017a), discour-
aging overly deterministic policies. A canonical
example of this approach is the Soft Actor-Critic
(SAC) algorithm (Haarnoja et al., 2018), which ef-
fectively constrains policy updates by maintaining
proximity to a reference distribution. Recent work
has extended entropy-based methods to LLM:s train-
ing. ETPO (Wen et al., 2024) applies token-level
ERL to enhance LLLM performance in interactive
tasks, while EP-PRM (Zhang et al., 2024) incor-
porates entropy into process-level reward model-
ing. Beyond regularization, Cui et al. reveal that
entropy dynamics reflect the covariance between
action probabilities and logit shifts, offering a tool
to prevent policy collapse. Cheng et al. shows that
higher-entropy reasoning chains can lead to more
effective inference by generating longer responses.
More abstractly, entropy has been used to model
uncertainty at the semantic level. SEED-GRPO
(Chen et al., 2025) introduces prompt-level seman-
tic entropy to capture ambiguity in instructions,
and Wang et al. identify high-entropy tokens as key
“forks” during generation.

3 Proposed Method

3.1 Preliminary

Let D denote the training dataset, where each data
point consists of a question—answer pair {Q, L} €
D. To optimize the large language model (LLM)
policy my, given (), we sample a group of outputs
O = {0;}$, to estimate the advantage. Note

that O; = {01, ,0/0,|} is a complete response
sequence consisting of tokens.

We adopt a four-step response format to elicit
structured reasoning from the model. Specifically,
the model is prompted to sequentially: (1) think
about the question (thinking-stage), (2) propose
an initial response (draft-stage), (3) perform self-
reflection (reflection-stage), and (4) produce a fi-
nal answer (answer-stage). To simplify notation,
we also refer to the sampled output O; as being
composed of four semantically coherent segments:
O; = [T,D, R, A], where each segment corre-
sponds to a distinct stage of reasoning. Note that
while O; denotes the full token sequence generated
by the model, T', D, R, and A are contiguous token
subsequences that represent the outputs of each re-
spective step. The prompt used for the four-step
response format is detailed in the Appendix.

3.2 Reflection-aware Information Filtration

To prevent LLMs from failing to accurately identify
errors in previous reasoning during the reflection
process, the Reflection-aware Information Filtra-
tion module aims to optimize the model’s reflection
by constraining the information flow, suppressing
the retention of erroneous or redundant informa-
tion, and promoting the transmission and retention
of accurate and useful information.
Information Bottleneck. The Information Bot-
tleneck theory (Tishby et al., 2000) introduces an
intermediate variable Z, whose objective is to com-
press the input as much as possible while retaining
sufficient information to recover the target output.
As shown in Figure 3, in the context of LLM rea-
soning, () along with 7" together serve as input. We
use X = [@, T to represent them. The reflection
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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 £; g,
the token entropy is reduced (right).

R serves as the intermediate representation, and
the groundtruth answer L as the output.

IB theory formulates this trade-off using mutual
information (MI) to quantify statistical dependence.
The MI between X and R is denoted as I(X; R),
which measures how much information about X
is preserved in R. A higher mutual Information
indicates that more of the X can be reconstructed
for R, whereas a lower value suggests that R is a
compressed, less redundant encoding of X. How-
ever, minimizing I(X; R) alone can lead to loss
of task-relevant information. To address this, IB
theory simultaneously maximizes I(R; L), which
is the MI between L and R. In this manner, the
IB theory ensures the retained information in R
remains sufficient for accurately predicting L.

To this end, the optimization objective is:

Lip=I1(X;R)— B -1(R;L), (1)

where (3 is a hyper-parameter.

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

courages the reflection to filter out redundant or
erroneous content, reducing mechanical repetition
of earlier reasoning. Concurrently, maximizing
I(R; L) promotes the retention of task-relevant in-
formation within the reflection, thereby alleviating
the “Echo Reflection” phenomenon.
Proxy Metrics. While the IB objective provides a
principled framework for guiding information flow
during reflection, directly computing mutual infor-
mation terms I (X; R) and I(R; L) is intractable in
high-dimensional generative models such as LLMs
(Alemi et al., 2017; Shwartz-Ziv and Tishby, 2022).
To this end, we propose the Proxy Metrics for an
efficient estimate of the mutual information.

By definition, the mutual information I (X; R) is
givenby I(X; R) = H(X)—H(R|X), where H(-)
denotes entropy. Under a fixed X at the reflection
stage, H(X) can be regarded as a constant and
therefore minimizing /(X ; R) leads to maximize
H(R|X). Specifically, the token-level entropy of
the reflection step is denoted as:

How = — 3 molvlg, 0<i)logmy(vlg, 0<). @)
veY

Hence, the average policy entropy Hy over the
reflection stage is:

_ 1
HRzTﬁTE:?u, 3)
YiER

The H g, measures the information capacity of
the reflection received from the thinking. Lower en-
tropy implies higher predictability of the reflection
given the initial reasoning, indicating stronger de-
pendence (i.e., higher mutual information). Thus,
we interpret higher entropy as a signal of reduced
dependence on 7.

To estimate I(R; L), we define a heuristic contri-
bution indicator C to measure how much the reflec-
tion improves the likelihood of producing a correct
answer. Higher C reflects greater task-relevant in-
formation retained in R, corresponding to higher
I(R; L). Hence C is a proxy of I(R; L):

ifD=Land A=L
afig, ifD#LandA=1L
0, if D# Land A # L
if D=Land A+ L

Qpre,
4)

—Olreg,

where apre rewards preserving a correct draft, aix
rewards fixing an incorrect draft, and oy penalizes
regressions from correct to incorrect; we enforce
afix > apre > 0 and g > 0.

3.3 Adaptive Entropy Optimization

Another key factor that leads to ER phenomenon is
the insufficient exploration of internal knowledge
during reasoning. To tackle this problem, we adopt
the Adaptive Entropy Optimization mechanism to
balance the model’s exploration and exploitation.
Adaptive Entropy. To quantify the degree of ex-
ploration at each stage of reasoning, we compute
the average token-level entropy for the thinking-
stage and reflection stage with Equation 2, yielding
Hr and H g, respectively.



A common practice in reinforcement learning
is to inject entropy into the Bellman backup to en-
courage exploration. Following this, one might
directly maximize Hr and Hp. However, exces-
sive entropy can lead to incoherent reasoning by
promoting erroneous decision-making, while min-
imizing entropy may improve precision but at the
cost of stifling exploration and creativity.

To balance these extremes, we aim to maintain
entropy near a task-suitable target 7{*. Based on
this, we adopt an adaptive entropy mechanism as:

Fap(H) = —|H — H*|2, ®)

where H € {Hr, Hr}. This adaptive mechanism
guides both thinking and reflection stages to bal-
ance exploration and exploitation, respectively.

Gated Adaptive Entropy. While exploration fos-
ters diversity, it also introduces the risk of incorrect
reasoning. To address this, we use a Gated Adap-
tive Entropy (GAE) mechanism, ensuring that en-
tropy rewards for reflection are only applied when
the output is correct, thereby gating them by the
final correctness.

FGAE = Z ]:AE(/H) * Teorrect- (6)

7‘26{7‘2’1",?‘2}{}

Minimizing £(O;) jointly minimizes the Infor-
mation Bottleneck term L;p, which suppresses
redundant or misleading information during reflec-
tion, and maximizes Fg4Eg, introducing a prefer-
ence for controlled entropy dynamics. Hence the
total objective for output O; is:

L(0;) = L1 — FGAE- @)

Formulation of AEPQ. Following previous works
(Yu et al., 2025; Guo et al., 2025), we use token-
level policy gradient loss, which is denoted as:

Lagpo(0) = E(Q’L)N’D,{Oi}?:1~7reold(-|Q) [

G |Os]
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clip(i, ) = clip (r;,1(6), 1 — €iow, 1 + €nign) -
4 Experiments

4.1 Experimental Setup

Datasets. We evaluate the proposed AEPO frame-
work on both in-distribution (I.D.) and out-of-
distribution (0.0.D.) datasets. The I.D. datasets in-
clude: (1) MedQA (Jin et al., 2021), which contains
10,178 training and 1,273 testing QA pairs from
professional medical board exams; (2) MedMcQA
(Pal et al., 2022), which contains 182,822 training
and 4,183 testing QA pairs from real-world medical
entrance exams. The O.0.D datasets include: (1)
MMLU-Pro (Wang et al., 2024), which is a multi-
task language understanding benchmark compris-
ing 12,000 questions spanning diverse academic
domains; (2) GPQA (Rein et al., 2024), which
is a subject-specific QA dataset covering biology,
physics, and chemistry domains. (3) MATH-500,
which contains a subset of 500 problems from the
MATH benchmark that OpenAl (Lightman et al.,
2023). (4) AIME 24, which contains problems
from the American Invitational Mathematics Exam-
ination 2024. (5) AMC 23, which is a mathematical
dataset with 40 problems.

Training Details. All models are trained on 4
Nvidia A6000 GPU, using the EasyR1 frame-
work (Zheng et al., 2025). We adopt Qwen2.5-
7B-Instruct (Team, 2024) (denoted as Qwen-7B)
and LLaMA3-8B-Instruct (Dubey et al., 2024) (de-
noted as LLaMA-8B) as base models for most ex-
periments. Training is conducted with bfloat16
precision using the AdamW optimizer, a constant
learning rate of 1 x 10~°, and a linear warm-up
over the first 10 steps. Each batch contains 64
prompts, with 5 responses sampled per prompt.
For language model decoding, we set the temper-
ature to 1.0 and top-p to 0.99. Following DAPO
(Yu et al., 2025), we use clipped policy ratios with
€low = 0.2 and €p;gp, = 0.28. We set apre=0.4,
aix=0.6, areg=0.3, and use =1, H*=0.67 in all
experiments.

Inference Details. We report pass@1 on both
ID. and O.0.D. datasets, where pass@1 is de-
fined as the proportion of questions for which the



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 matches
the ground-truth answer. In the I.D. setting, models
are trained on the training split and evaluated on the
corresponding test split. In the O.0.D. setting, we
directly evaluate the I.D.-trained models on unseen
0.0.D. datasets without further adaptation. For in-
ference stability, the decoding temperature is fixed
at 0 during inference.

4.2 Overall Comparison Results

Comparisons On In-Distribution Dataset. To
evaluate the effectiveness of our proposed AEPO
method in enhancing LLM reasoning in knowledge-
intensive question answering, we compare AEPO
with mainstream reinforcement learning with veri-
fiable reward (RLVR) approaches across multiple
LLM backbones. Answer accuracy is reported on
both the MedQA and MedMcQA benchmarks, as
shown in Table 1, respectively. From the exper-
imental results, we can observe that: (1) AEPO
consistently outperforms existing RLVR baselines,
including GRPO and DAPO, demonstrating its ef-
fectiveness in mitigating the Echoed Reflection phe-
nomenon during multi-stage inference; (2) Specifi-
cally, our AEPO outperforms the DAPO by 5.4%
and 5.6% on Qwen-7B and LLaMA-8B, respec-
tively. These remarkable results demonstrate that
our proposed AEPO method effectively enhances
reasoning by suppressing incorrect reasoning in the
thinking stage and promotes more accurate final
answers. (3) Moreover, AEPO achieves superior
performance across both MedQA and MedMcQA,
indicating its stronger capacity to explore and lever-
age the internal knowledge embedded within large
language models.

Comparisons On Out-of-Distribution Dataset.
To further evaluate the generalization capability of
our model in handling O.0.D. problems, we con-

duct additional experiments on unseen datasets and
compare our method with state-of-the-art (SOTA)
baselines. Specifically, as shown in Figure 4, sub-
figure (a) is the experimental results of LLaMA-8B
trained on the MedMcQA dataset, and subfigure (b)
is the experimental results of Qwen-7B trained on
MedQA. We directly validate the O.O.D. without
additional training. The results reveal the following
insights: (1) Our proposed AEPO method signifi-
cantly outperforms existing SOTA methods on both
domains, demonstrating stronger generalization to
unfamiliar problem types. (2) We attribute this im-
proved generalization to the Adaptive Entropy Op-
timization module, which enables deeper and more
efficient exploration of the solution space while
avoiding policy collapse. (3) Moreover, AEPO
effectively filters out irrelevant or misleading infor-
mation during open-ended reasoning, enabling the
model to maintain coherent and accurate inference
paths even under high uncertainty.

4.3 Further Analysis

Ablation Study. As shown in Table 2, we con-
ducted ablation studies on both MedQA and MedM-
cQA. The experimental results reveal the follow-
ing key observations: (1) The comparison between
setting No.0 and No.1 demonstrates the effective-
ness of the proposed RIF module. By constrain-
ing the cognitive information flow and suppress-
ing the influence of erroneous or redundant inter-
mediate reasoning, RIF significantly improves the
model’s ability to generate correct answers. (2) The
performance gap between settings No.1 and No.6
highlights the impact of Adaptive Entropy Opti-
mization. By dynamically regulating the policy en-
tropy in the thinking stage, AEO enables deeper yet
controlled exploration. When combined with RIF,
this leads to notably improved reasoning perfor-
mance. (3) The comparison between settings No.4
and No.7 reveals the importance of the Correctness-
Gated Entropy Reward mechanism. By condition-
ing entropy-based exploration rewards on the cor-
rectness of the final answer, this component helps
ensure that exploratory behaviors contribute mean-
ingfully to reasoning quality.

Comparisons On Finetuned Model. To com-
prehensively evaluate the effectiveness of the pro-
posed AEPO in leveraging domain-specific knowl-
edge, we conducted additional experiments on
HuatuoGPT-O1-8B (Chen et al., 2024), which has
been fine-tuned specifically for the medical domain.
As shown in Table 3, the following observations
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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-specific
knowledge leads to significant performance gains
for HuatuoGPT-O1-8B over the base models. How-
ever, existing RLVR methods show limited addi-
tional improvements, indicating their inability to
effectively utilize domain-specific information. (2)
In contrast, our AEPO method consistently outper-
forms both HuatuoGPT variants by 3.0% and 4.2%
on MedQA, demonstrating its superior capacity to
exploit internal knowledge. We attribute this to the
AEO module, which facilitates deeper and more
controlled exploration of the solution space while
mitigating the risk of policy collapse.

Analysis on Additional Prompts. To further
demonstrate the robustness of our AEPO method
across different Chain-of-Thoughts (CoTs), we
conduct additional experiments using alternative
prompts. In addition to the four-stage reasoning
prompt introduced in our main framework, we
also adopt an R1-style CoT prompt following Guo
et al. (2025). The prompt is provided in the Ap-
pendix. Experimental results show that under the
R1-style CoT setting, AEPO significantly outper-
forms the GRPO baseline. It highlights the prompt-
robustness of AEPO and its strong transferability
across different reasoning paradigms.

Analysis on Creativity Index. To highlight the in-
fluence of our proposed RIF module, we visualize
the Creativity Index (Lu et al., 2024) of LLaMA
models on the MedMCcQA dataset under different
RL strategies using violin plots. The CI measures
the creativity of model outputs, where higher values
indicate more novel generations, while lower val-
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Figure 6: Visualization of hyperparameter sensitivity
analysis of 5 and H* on MedQA dataset.

ues suggest a tendency to copy from the reference
corpus. In our setting, we construct the reference
corpus by concatenating all the input questions with
the model’s response of the thinking-stage, and
then evaluate the CI of the corresponding reflection
stage. The results reveal that both LLaMA-8B w/
RIF and Qwen-7B w/ RIF achieve substantially
higher Creativity Index scores compared to their
counterparts with DAPO. This suggests that the
RIF module effectively suppresses the influence
of prior thinking content during reflection, thereby
mitigating the Echo Reflection phenomenon and
encouraging more original reflective reasoning.

Analysis on Hyperparameter Sensitivity. As
shown in Figure 6, we study the impact of the two
key hyperparameters, 5 and H* on the MedQA
dataset. Note that 3 and [oypre, Ofix, Qireg| are cou-
pled; thus, we fix [apre, Qtfix, Oreg] and only analyze
sensitivity to 3 to avoid redundant hyperparameter
sweeps. Several observations can be made: First,
small 3 leads to overly aggressive compression in
the reflection stage, suppressing task-relevant infor-
mation, whereas large 3 allows erroneous or redun-
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Question

F;ﬁ

LLaMA
w/ GRPO

LLaMA
w/ AEPO
(Ours)

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: Keratocyst

Groundtruth: B: Idiopathic bone cavity

S
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.

\or maxilla, and it can have a thin, fibrous lining.

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

/

L

S
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.

e

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,
based on the options provided and the
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.

Answer: D: Keratocyst

2D\

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.

s ~
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

Reflection:

...... | realized that the term "ldiopathic bone cavity"
might not be the most accurate answer, but it was
the closest match based on the description. | 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 possibilities that | didn't
consider.

\ no lining" is the Idiopathic bone cavity.

) Answer: B: Idiopathic bone cavity V

J

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 is
consistent across both LLaMA-8B and Qwen-7B,
highlighting the importance of balancing informa-
tion compression and preservation. Second, H*
plays a crucial role in regulating exploration during
reasoning. Low H* induces overly deterministic
policies, while excessively high H* encourages
uncontrolled exploration, resulting in noisy or inco-
herent reasoning trajectories. Finally, we observe
a broad region of high performance in the (3, H*)
space, indicating that AEPO is robust to reasonable
hyperparameter variations.

Qualitative Analysis. As shown in Figure 7,
we present a qualitative analysis that compares
the question answer results from the MedMcQA
dataset. For clarity, we only visualize the criti-
cal reasoning contents leading to divergent deci-
sions between LLaMA w/ GRPO and our LLaMA
w/ AEPO. The visualization reveals that, during
the thinking stage, LLaMA w/ AEPO conducts a
more refined analysis of the options. Notably, when
evaluating the correct option B, LLaMA w/ AEPO
successfully connects “bone cavity” and “no lin-
ing” (highlighted with a red rectangle), enabling
a correct judgment. This capability is largely at-
tributed to our proposed AEO module, which dy-
namically adjusts entropy to balance exploration
and exploitation. Moreover, during the reflection
phase, LLaMA w/ AEPO demonstrates enhanced
metacognitive awareness. For instance, it explicitly
acknowledges: “Idiopathic bone cavity might not
be the most accurate answer” (highlighted with a

blue rectangle). This indicates that the model main-
tains critical awareness of terminology, avoiding
cognitive fixation. In contrast, LLaMA w/ GRPO
makes an incorrect judgment early in reasoning
and, during reflection, fails to correct the error, in-
stead reiterating its flawed reasoning (highlighted
with a yellow rectangle). This highlights the vulner-
ability of conventional frameworks to error prop-
agation and entrenchment. Our Reflection-aware
Information Filtering module mitigates such Echo
Reflection by selectively filtering and reconstruct-
ing intermediate reasoning information. More qual-
itative analysis on the medical domain and other
domains can be found in the Appendix.

5 Conclusion

In this paper, we identified the Echo Reflection
phenomenon, where language models fail to per-
form meaningful cognitive updates during reflec-
tion. Through step-wise policy entropy analysis,
we found that low entropy suppresses the retrieval
and utilization of inherent knowledge, leading to
ER. To address this, we proposed Adaptive Entropy
Policy Optimization (AEPO), which enhances rea-
soning with two key components: Reflection-aware
Information Filtration, guided by information bot-
tleneck theory, and Adaptive Entropy Optimization,
formulated via dynamic entropy adjustment. To-
gether, they effectively mitigate ER by promoting
more informative and adaptive reasoning processes.
In the future, we will explore additional strategies
to further improve reasoning effectiveness.



Limitation

While the proposed AEPO framework demon-
strates strong empirical performance in mitigating
the Echo Reflection phenomenon, several limita-
tions merit discussion. (1) Although AEPO is con-
ceptually grounded in the IB principle, it relies on
proxy metrics rather than direct mutual informa-
tion estimation, which is currently infeasible for
LLMs. Identifying more expressive yet computa-
tionally viable proxies remains an important direc-
tion for future work. (2) AEPO improves reflection
quality indirectly through entropy regulation and
information filtering, rather than explicitly model-
ing erroneous beliefs or structured cognitive states;
exploring tighter connections between entropy and
explicit cognitive modeling may further enhance
interpretability and theoretical grounding.
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A Overview
B More Detailed Implementation

We provide a more detailed implementation, in-
cluding hardware platform and prompts, which is
difficult to mention due to space limits.

B.1 Implementation Detail

All experiments were conducted on a server
equipped with 4 NVIDIA A6000 GPUs on Ubuntu
22.04.5 LTS platform with EaryR1 framework
(Zheng et al., 2025). We used NVIDIA driver ver-
sion 535.247.01 with CUDA 12.2. We set all ran-
dom seeds to 1 to reduce the impact of stochasticity
across runs.

The overall tarining pipline of the AEPO method
is shown in Algorithm 1.

B.2 Prompt

The prompt used in 4-step response and R1-like
(Shao et al., 2024) response is shown in Figure 8
and Figure 9, respectively.

4-Step Response

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
it within <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{}.

Figure 8: 4-step Response Prompt.

R1-like Response

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{}.

Figure 9: R1-like Response Prompt.
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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

C.1 Additional Analysis on I.D. Dataset

We conducted a comprehensive evaluation of our
proposed AEPO method on the PubMedQA dataset
(Jin et al.,, 2019), utilizing both Qwen2.5-7B-
Instruct (Team, 2024) and LLaMA3.1-8B-Instruct
(Dubey et al., 2024) as backbone models. The ex-
perimental results are summarized in Table 5. (1)
AEPO consistently outperforms existing reinforce-
ment learning with value regularization (RLVR)
baselines, including GRPO and DAPO. This con-
sistent improvement highlights AEPO’s effective-
ness in mitigating the Echo Reflection (ER) phe-
nomenon during multi-stage inference. (2) In par-
ticular, AEPO achieves performance gains of 1.4%
and 1.5% over GRPO (Shao et al., 2024) when
applied to Qwen2.5 and LLaMA3.1, respectively.
These significant improvements underscore the ca-
pacity of AEPO to enhance reasoning quality by
suppressing erroneous inferences introduced dur-
ing the initial thinking phase, thereby facilitating
more accurate final predictions.

Additional Analysis on Computational Cost. As
shown in Table 6 We further compare the average
computational time (in milliseconds per token) for
three major stages in the reinforcement learning
training loop: actor update (Act.), advantage cal-
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Figure 11: Visualization of training dynamics.

culation (Adv.), and token generation (Gen.). The
reported values reflect the average latency required
to process each token, serving as a fine-grained pro-
filing of computational overhead across different
components of the training pipeline. From the table,
we observe that our proposed AEPO method incurs
a comparable computational cost to DAPO (Yu
et al., 2025), while achieving significantly supe-
rior performance. This demonstrates the efficiency
and effectiveness of AEPO, highlighting its practi-
cal advantages in balancing reasoning quality and
training overhead.

Analysis on RL Training Dynamics. To further
illustrate the advantages of the proposed AEPO
algorithm, we visualize the training dynamics of
policy entropy and reward during training for two
methods: GRPO and AEPO. As shown in Fig-
ure 11 (a), the GRPO exhibits a rapid decay in
policy entropy, leading to premature convergence
to a suboptimal policy. However, our proposed
AEPO algorithm effectively mitigates the entropy
collapse problem commonly observed in reinforce-
ment learning while also avoiding the instability
caused by excessive entropy. Figure 11 (b) fur-
ther supports this claim: while DAPO quickly con-
verges after entropy drops, AEPO is able to main-
tain effective exploration throughout training. We
attribute this behavior to the AEO module, which
strikes a dynamic balance between exploration and
exploitation. This balance enables AEPO to sustain
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high-quality exploration of domain-specific knowl-
edge, ultimately improving reasoning performance.
Additional Analysis on Creativity Index. We
further perform supplementary experiments on the
MedQA dataset (Jin et al., 2021) to visualize the
Creativity Index (Lu et al., 2024) of model re-
sponses using violin plots, as shown in Figure 10.
The Creativity Index quantitatively assesses the
originality of model outputs, with higher values in-
dicating more novel generations and lower values
reflecting greater reliance on the reference corpus.
We follow the same experimental setup as in the
main paper’s Creativity Index evaluation, except
that we use a different dataset. The results demon-
strate that both LLaMA-8B with RIF and Qwen-
7B with RIF achieve significantly higher Creativ-
ity Index scores than their respective DAPO-based
counterparts. This indicates that the RIF module
effectively reduces the influence of prior reasoning
during the reflection phase, thereby alleviating the
Echo Reflection phenomenon and promoting more
original and independent reflective reasoning.

D Additional Qualitative Analysis

D.1 Analysis on L.D. Dataset

We present addition qualitative analysis on 1.D.
dataset MedMcQA (Pal et al., 2022). As illus-
trated in Figure 12, both our model (LLaMA w/
AEPO) and comparison model (LLaMA w/ GRPO)
correctly identified “Candida is not typically con-
sidered a significant teratogen” (highlighted with
a green rectangle); however, neither produced the
correct final judgment. Notably, the two models di-
verged significantly in the reflection-stage. Specif-
ically, LLaMA w/ GRPO was heavily influenced
by the erroneous reasoning established during the
initial thinking phase and failed to break free from
these misconceptions(highlighted with blue and
red rectangles). This resulted in the propagation
of incorrect reasoning into the reflection stage, ul-
timately leading to an incorrect conclusion. In
contrast, our model successfully recognized during
the reflection the necessity of carefully examining
“the specific effects of each infection on the fetus”
(highlighted with a yellow rectangle), thereby re-
vising the earlier judgment and arriving at a correct
reasoning trajectory. These results demonstrate
that, compared to GRPO, our method AEPO more
effectively regulates the flow of information by
leveraging the IB theory, thus preventing the prop-
agation of faulty reasoning. Moreover, through a



During pregnancy baby can be affected in utero in all except:
A: Candida B: Syphilis C: Toxoplasmosis D: Polio

Groundtruth: D: Polio

Question
(A: Candida Thi§ is a type of fgngus that can cause lvaginal yeast infections in pregnant\ 5??%0;3‘"",8%(:“0“ it's essential to note that while
women. While it can cause discomfort and potentially lead to preterm labor, it is not Candida can cause discomfort and potentially lead
\typlca\ly colisiderediaiSignificantieRteaal. J to preterm labor, it is not typically considered a
m ( A significant teratogen: However, it's crucial to monitor
D: Polio This is a viral infection that can be transmitted from mother to fetus during and manage vaginal yeast infections during
LLaMA pregnancy. Polio can cause severe birth defects, including muscle weakness and paralysis. pregnancy to prevent potential complications. The
w/ GRPO |\ J other options, syphilis, toxoplasmosis, and polio, are
R all known teratogens that can cause significant harm
...... Considering the options, Candida’is the least likely to cause significant harm to the to the developing fetus if left untreated.
fetus in utero compared to the other options, which are all known teratogens. ......
L ), Answer: A: Candidaa x
e )
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 Reflection:
causing significant fetal harm inutero. i | . Reflected on my thought process, | realized that:
> < | should have considered the mode of transmission
{-’5} . o X X ) . for each infection during pregnancy. | should have
D: Polio: A V.Ir§| |nf§ct|on that can cause paralysis and otherlsenous health issues. looked into the specific effects of each infection on
LLaMA However, polio is typically not transmitted from mother to fetus during pregnancy. the fetus. | should have been more precise in my

w/ AEPO |

analysis to avoid any confusion.These reflections

Candida can cause issues during pregnancy. ......

Ours;
¢ ) t ...... We need to identify which of these infections is least likely to affect the baby in utero.

will help me ......

A

) Answer: D: Polio V

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.

9 In how many ways can 8 people sit qround a rounq table if 3 of the} peoplg - Pier(e, Rosa, and Thomas Groundtruth: 720
Question all want to sit together? (Two seatings are considered the same if one is a rotation of the other.) .
(7 N Reflection:
...... Now, we need to arrange the 5 remaining units (the "PRT" unit and the 4 other people) ...... We also fixed one person's position as a
around the table. This is a circular permutation problem, and the number of ways to reference point to eliminate the overcounting of
arrange n distinct objects in a circle is (n-1)!. In this case, we have 5 units to arrange, so rotations of the same arrangement.The key insight

‘-e" the number of ways to arrange them is (5-1)! = 4.

in this problem is to recognize that the "PRT" unit
can be arranged in 3! ways, but we have already

LLaMA However, we need to consider that the 3 people within the "PRT" unit can also be counted this in the 3! ways to arrange the people
w/ GRPO 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
within the "PRT" unit. Therefore, we need to divide the total number of arrangements by 3! the total number of arrangements by 3! to account
to account for this overcounting.So, the final number of ways to arrange the 8 people for this overcounting......
around the table, with Pierre, Rosa, and Thomas sitting together, is: (4! x 3!)/ 3! ......
S /) Answer: A: 24 x
/( \\
...... First, let's calculate the number of ways to arrange these 6 units (the "PRT" unit and Reflection:
the remaining 5 people) around a round table. Since the table is round, we can fixone || : [ ... | assumed that the problem does not consider
person's position as a reference point to avoid counting rotations as different any specific preferences or restrictions among the
rg.) arrangements. With one position fixed, there are 5! ways to arrange the remaining 5 units remaining 5 people. | did not consider any potential
around the table. Now, within the "PRT" unit, Pierre, Rosa, and Thomas can be arranged errors or edge cases, such as if any of the people
LLaMA among themselves in 3! ways. To find the total number of ways to seat the 8 people with were identical or if the table had a specific number
w/ AEPO the condition that Pierre, Rosa, and Thomas must sit together, we multiply the number of of seats. | used basic arithmetic operations to
(Ours) ways to arrange the 6 units around the table by the number of ways to arrange Pierre, calculate the final answer.....

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

D Answer: 720 V

Figure 13: Quality visualization analysis on O.0.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,
our model achieves higher reasoning accuracy dur-
ing reflection.

D.2 Analysis on 0.0.D. Dataset

We further present addition qualitative analysis on
0.0.D. dataset MATH-500 (Lightman et al., 2023).
The visualization (Figure 13) demonstrates that our
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model (LLaMA w/ AEPO) consistently generates
correct reasoning paths from the outset (highlighted
with a green rectangle), highlighting the superiority
of the AEO module in exploring the knowledge
space. Further analysis shows that the comparsion
model LLaMA w/GRPO model continues to ex-
hibit a strong influence from its initial think-stage
during reflection-stage (highlighted with red and



blue rectangles), manifesting the typical Echo Re-
flection error. In contrast, even when the initial rea-
soning is correct, our model successfully engages
in reflective evaluation of potential weaknesses,
indicating the robustness of the RIF under both cor-
rect and incorrect reasoning scenarios (highlighted
with a yellow rectangle).

Additionally, visualizations on the mathematical
dataset further reveal that the ER phenomenon is
not confined to the medical domain but is preva-
lent across diverse reasoning tasks. Our proposed
method demonstrates strong cross-domain general-
ization capabilities, adapting effectively to complex
reasoning environments across various fields with
robustness and reliability.

Algorithm 1 Algorithm for AEPO.

Input: policy model 7y; dataset D; hyperparame-
ters €ow, €low; training steps S.

Output: my.

1: forstep=1,---,5do

2:  Sample a minibatch D,,, form D.

3:  Update the old policy model mg_,, < my.

4. Sample G outputs {O;}5, ~ 7y, for Q €
Dp,.

5: foriel,---,Gdo

6 Compute reward r; for O;.
Compute £(0;) = min(Lip — FGAE)
for OZ

8: Compute advantage /11-7,5 for each token
for OZ

9:  end for
10:  Update mp by maximizing the AEPO objec-
tive.
11: end for
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