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Abstract

While large language models exhibit strong
reasoning capabilities, prior work shows that
their performance can be further enhanced by
encouraging greater exploration. However, ex-
isting approaches overlook the presence of un-
healthy exploration that increases exploration-
related token usage without contributing to ef-
fective problem-solving. In this work, we show
that prompt ambiguity can artificially prolong
early-stage exploration, manifested as an el-
evated and delayed early-stage entropy peak.
Although this uncertainty may be gradually
resolved as reasoning progresses, reflected in
the eventual convergence of the late-stage en-
tropy peak, it does not meaningfully improve
accuracy or self-consistency and instead sub-
stantially reduces reasoning efficiency. Mo-
tivated by these observations, we propose an
entropy-dynamics-aware prompt optimization
framework that trains a lightweight optimizer
to generate concise clarifications. These clarifi-
cations aim to reduce ambiguity-induced early-
stage uncertainty while preserving the model’s
reasoning capabilities. Extensive experiments
across multiple models, reasoning budgets, and
benchmarks demonstrate that our approach con-
sistently improves reasoning efficiency by up to
52%, by reducing unhealthy exploration with-
out sacrificing accuracy.

1 Introduction

Recent work on large language model (LLM) rea-
soning has proposed a variety of techniques to
improve reasoning performance by encouraging
greater exploration during generation, such as test-
time scaling (Muennighoff et al., 2025; Snell et al.,
2025) and parallel reasoning (Wang et al., 2022;
Yao et al., 2023; Besta et al., 2024). However,
these approaches implicitly assume that increased
exploration is uniformly beneficial, overlooking
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Figure 1: Early-stage exploration induced by prompt
ambiguity can be effectively mitigated through concise
clarification, thereby improving reasoning efficiency.

the presence of unhealthy exploration that substan-
tially increases token usage without contributing to
effective downstream problem-solving.

To expose this phenomenon, we conduct con-
trolled prompt ambiguity experiments that isolate
the effect of task underspecification while keeping
the underlying reasoning task unchanged. Specifi-
cally, we systematically vary prompt ambiguity by
masking technical terms with their abbreviations.
Across multiple models and reasoning budgets, in-
creased prompt ambiguity leads to a substantial
inflation in token usage, while no improvement in
either accuracy or self-consistency.

By decomposing token-level entropy trajectories
into three stages: task understanding (early), prob-
lem solving (middle), and self-criticism (late), we
observe that the early-stage entropy peak becomes
both elevated and delayed. In contrast, the late-
stage entropy peak remains highly convergent. This
observation indicates that exploration induced by
prompt ambiguity is progressively resolved rather
than directly advancing problem-solving.

Motivated by these observations, we propose
a prompt optimization framework that trains a
lightweight optimizer via multi-turn reinforcement
learning to generate concise clarifications for the
original prompt. We design an entropy-peak—based
reward that encourages the generated clarifications
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Figure 2: Accuracy, consistency, and token usage of GPT-o0ss-120B under three levels of reasoning effort, Qwen3-
30B-Instruct and Qwen3-30B-Thinking as the mask ratio increases.

to both reduce and advance the early-stage entropy
peak, while preserving the late-stage entropy peak.
In other words, our approach enables the model to
understand the task more efficiently, without harm-
ing its intrinsic multi-step reasoning capability.

Our experimental results show that the pro-
posed prompt optimization method substantially
improves reasoning efficiency, achieving up to
52.9% gains on in-domain benchmarks. Moreover,
our method demonstrates strong generalization abil-
ity, improving reasoning efficiency by up to 38.54%
on out-of-domain benchmarks.

In summary, the main contributions of our work
are as follows:

* We conduct controlled prompt ambiguity ex-
periments, revealing that ambiguity-driven
unhealthy exploration artificially extends the
early reasoning stage without improving
problem-solving performance.

* We propose an entropy-dynamics-aware
prompt optimization framework that trains
a lightweight optimizer to generate con-
cise clarifications, selectively reducing un-
healthy early-stage uncertainty while preserv-
ing healthy reasoning.

» Extensive experiments across multiple mod-
els, reasoning budgets, and both in-domain
and out-of-domain benchmarks demonstrate
that our method consistently improves reason-
ing efficiency without sacrificing accuracy.

2 Entropy Dynamics Observation

2.1 Controlled Prompt Ambiguity

To elicit unhealthy exploration, we manipulate
prompt ambiguity rather than reasoning depth.

When key terms or constraints in a prompt are un-
derspecified, the model expends additional tokens
on task interpretation and linguistic clarification be-
fore committing to a concrete reasoning trajectory.
Specifically, we sample 1,000 instances from
MMLU-Pro (Wang et al., 2024) and use GPT-5' to
identify technical terms, which are then replaced
by their initialisms (e.g., page fault — PF). By
varying the proportion of masked terms, we sys-
tematically control the degree of prompt ambiguity
while keeping the reasoning task itself unchanged.
We evaluate GPT-0ss-120B (Agarwal et al.,
2025a) under three levels of reasoning effort (high,
medium, and low) across five mask ratios (0%,
25%, 50%, 75%, and 100%). The temperature is
set to 0.7, and for each question we perform 16
rollouts. As shown in Figure 2, increasing prompt
ambiguity consistently degrades accuracy and self-
consistency, while increasing token usage.

2.2 Token-Level Entropy Trajectories

To better understand how prompt ambiguity affects
the generation process, we analyze token-level en-
tropy trajectories under medium and high reasoning
effort. Figures 3 and 4 report average token-level
entropy curves over both relative positions and ab-
solute positions.

Across settings, the entropy trajectory consis-
tently exhibits a three-stage structure:

* Early Stage: Entropy increases sharply, re-
flecting the reasoning model’s prompt inter-
pretation and identification;

* Middle Stage: Entropy gradually decreases
as the model commits to a specific reasoning
trajectory and focuses on problem solving;

Uhttps://cdn.openai.com/gpt-5-system-card.pdf
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Figure 3: Token-level entropy of GPT-0ss-120B (medium reasoning effort) across five mask ratios under three
alignment schemes: relative position, which normalizes token indices by response length using 5% bins; start-aligned
position, which uses absolute token indices aligned at the first generated token; and end-aligned position, which

uses absolute token indices aligned at the final generated token (distance to termination).
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Figure 4: Token-level entropy of GPT-0ss-120B (high reasoning effort).

* Final Stage: Entropy shows a mild increase
followed by a sharp drop, presenting reason-
ing verification, and answer finalization.

2.3 Early-stage Uncertainty

A salient feature of the entropy trajectory is the
early-stage entropy peak, which marks the transi-
tion from prompt interpretation to committed prob-
lem solving. In this phase, the model is actively
forming a task understanding and may explore mul-
tiple plausible interpretations and solution direc-
tions. When the prompt is underspecified, this
early-stage exploration is augmented by interpre-
tive uncertainty induced by prompt ambiguity, man-
ifesting as an elevated and delayed entropy peak.

As shown in Figures 3b and 4b, increasing the
mask ratio consistently elevates the early-stage en-
tropy peak and shifts it to later token positions.
Increasing reasoning effort partially compensates
for this increased early-stage uncertainty, not by
resolving it efficiently, but by doing so at the cost
of substantial token expansion. Under medium rea-
soning effort, the difference in early-stage peak
height between mask ratio 0 and 100 is 0.027, ac-
companied by an increase of 335 generated tokens.
Under high reasoning effort, the peak height dif-
ference is reduced to 0.006, yet the corresponding
token increase rises to 437.

2.4 Late-Stage Convergence

As shown in Figures 3¢ and 4c, despite substan-
tial differences in early-stage uncertainty, entropy
trajectories exhibit a contrasting pattern near gen-
eration termination. When responses are aligned
by their termination points, entropy dynamics in
the late stage become increasingly similar across
different mask ratios.

Notably, higher reasoning effort leads to stronger
late-stage convergence. Under medium reason-
ing effort, the difference in late-stage peak height
across mask ratios is 0.019, representing a compres-
sion to approximately 70% of the corresponding
early-stage difference. Under high reasoning ef-
fort, this difference further collapses to 5.1 x 1072,
amounting to only 0.8% of the early-stage peak
difference. This trend mirrors the observation that
higher reasoning effort also exhibits greater robust-
ness to the accuracy and self-consistency degrada-
tion introduced by prompt ambiguity.

Importantly, this convergence does not imply the
disappearance of all early-stage exploration. As
the model commits to a task interpretation, the
ambiguity-induced unhealthy components compo-
nent is progressively resolved, while structurally
necessary healthy components persists and is car-
ried forward into the late stage, where it supports
answer verification and finalization.
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3 Prompt Optimization

Building on the observations in Section 2, we de-
sign a framework that trains a lightweight prompt
optimizer using entropy-dynamics-guided multi-
turn reinforcement learning. The optimizer learns
to generate a clarification that helps the reasoning
model more accurately interpret the prompt. By
reducing the prevalence of ambiguity-induced un-
healthy exploration, this approach effectively miti-
gates unnecessary token expenditure and improves
reasoning efficiency. An overview of the training
process is shown in Figure 5.

3.1 Problem Formulation

To clarify our objective, we distinguish between
two qualitatively different forms of exploration.
Unhealthy exploration refers to uncertainty-driven
token expenditure in the early stage of generation,
where the model has not yet formed a clear under-
standing of the task. This form of exploration man-
ifests as elevated and delayed early-stage entropy.
Importantly, although this ambiguity-induced ex-
ploration is largely self-resolving as the model
commits to a task interpretation, it is inefficient,
contributing directly to response length inflation
without improving reasoning quality.

In contrast, healthy exploration occurs after
the task has been sufficiently specified, when the
model actively explores multiple plausible reason-
ing paths. This form of exploration is a desirable
component of complex reasoning and is not elim-
inated as task interpretation stabilizes. Instead, it
also contributes to answer verification, and ulti-
mately leading to more reliable conclusions.

Our goal is to improve reasoning efficiency by
selectively reducing unhealthy exploration while
preserving healthy exploration. To this end, we
introduce a lightweight prompt optimizer P that
augments the original prompt x with a concise clar-
ification:

7 =1 Py(w), (1)

The clarification is restricted to clarifying am-
biguous aspects of the task formulation and must
not reveal solution steps, or answer choices.

3.2 Entropy Peak Reward

The prompt optimizer is guided solely by entropy
dynamics, which reflect the internal reasoning be-
havior of the model, without any correctness-based
supervision. This design ensures that the optimizer
focuses on improving how the reasoning model

commits to a solution, rather than what answer it
produces.

Given an augmented prompt x’, the frozen rea-
soning model generates a response of length 7". At
each generation step ¢, the model produces a predic-
tive distribution p:(- | 2, y<¢), whose token-level
entropy is defined as

Zpt

Early Stage Peak Reward The primary objective
of prompt optimization is to reduce early stage
peak reward and encourage earlier commitment to
a reasoning trajectory.

We focus on the early portion of the response,
corresponding to the prompt interpretation phase.
Let 7% = |oT|, where a € (0,1) is a fixed
ratio. We apply a smoothing operator S(-) to the
entropy sequence and define the early-stage entropy
peak as

) log p¢(v). (2)

P = arg max  S(e),
1<¢<Tearly

3
R —  max  S(ey), ©)

1<t < Tearly

where p® denotes the peak position and ~h%V the
peak height. Intuitively, p°*® measures how long
the model remains uncertain before committing to
a reasoning trajectory, while h*" quantifies the
severity of uncertainty.

To obtain robust estimates, we perform K
independent rollouts of the reasoning model.
For each rollout k, we extract a peak pair
(pearly’(k), hearly’(k)) and aggregate them as

1 K
—early - early7(k)
P = ;p

x “)
Bearly Z early (k
k:
For each prompt, baseline statistics p¢""” and

Bgaﬂy are precomputed using the original prompt.

The effect of optimization is then measured by

carly _ —early —earl
Ap™ =py 7 = p,

®)

A hearly — _ Bearly

7 earl
hgar y
Finally, we define the early-stage peak reward as

Realy — (Apearly > 0 A AR - ()) ,  (6)
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There are two main issues associated with _____ sizing.
_______ is a key issue as due to the information policy
of the corporation it can be argued that employees have
a right to know if they are being made redundant.
_______ is a second issue, particularly the

package that employees receive when laid off.

A. Down, Autonomy, Remuneration, Benefit

J. Down, Involvement, Remuneration, Compensation j

Clarification:
Think about whether the

organization is expanding
or reducing its workforce...

Optimizer

Clarification:
ﬁ-‘ This issue relates to
| D employees being informed,
- consulted, or having...
Optimizer

Responder

Token-level Entropy Reward Assignment
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Information:
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Figure 5: Overview of the proposed prompt optimizer training framework. The optimizer is first given the original
prompt and generates a initial clarification (Step 1). This clarification is then appended to the original prompt and
provided to the Responder. If the resulting response passes the entropy peak check, the clarification is considered
qualified. Otherwise, feedback information is presented to the optimizer (Step 2), which then generates a refined
clarification in the next turn (Step 3). This process repeats until a qualified clarification is produced or the maximum
number of turns is reached. Finally, the last-turn clarification reward is used to update the optimizer.

which assigns a positive reward only when prompt
optimization successfully reduces both the timing
and magnitude of the early-stage entropy peak.

Late Stage Peak Reward The late-stage peak re-
ward serves as a regularization signal rather than
a primary optimization objective, ensuring that
healthy exploration in later stages is preserved.

To enforce this constraint, we additionally mon-
itor entropy behavior in the termination neighbor-
hood. Let 7' = [(1 — ~)T], where v € (0,1)
specifies the fraction of tokens considered as the
late stage. Using the same smoothing operator S(+),
we define the late-stage entropy peak height for a
single rollout as

R —  max S(er). @)

Tlate <t<T
To obtain robust estimates, we again perform K
independent rollouts. For each rollout k, we extract

a late-stage peak height 212 (%) and aggregate them

as
K

1
? Z hlate,(k) . (8)

k=1

Blate —

As with the early-stage statistics, we precompute
a baseline late-stage peak height h{ using the
original prompt. The effect of optimization is then

measured by
A hlate — E})ate _ Blate. 9)
Finally, we define the late-stage peak reward as

Rlate — H(Ahlate < Ahearly) ’ (10)
which assigns a positive reward only when that the
late-stage entropy peak remains closer to that of

the original prompt than the early-stage peak.

3.3 Multi-Turn Reinforcement Learning

Directly optimizing early-stage uncertainty using
single-step reinforcement learning is challenging,
as a scalar reward provides limited information.
To address this limitation, we introduce a multi-
turn reinforcement-learning framework in which
the optimizer iteratively refines its clarifications
based on the feedback derived from the reasoning
model until a qualified clarification is produced or
the maximum number of turns is reached.

In each training episode, the optimizer first gen-
erates an initial clarification, which is appended
to the original prompt and passed to the reasoning
model. The resulting response is then analyzed
to determine whether it satisfies the entropy peak
reward criteria. If the early-stage entropy peak
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Model Effort Method

In-domain Benchmarks

Out-of-domain Benchmarks

MMLU-Pro SuperGPQA BBH MedQA
Acc.t  Tok.,  Eff.T Acct Tok.  Eff.t Acct Tok.]  Eff.t Acct Tok.] Eff.1
Pure 80.60 2383.35 3.38 4940 450031 1.09 8440 1496.53 5.63 91.10 1372.63 6.63
High Early-Stop  58.70 1285.58 4.56 2830 2069.67 1.36 57.70 865.16 6.66 8570 116439 7.36
EvoPrompt 80.10 2943.89 272 50.40 5635.07 0.89 - - - - - -
Ours 80.30 155230 5.17 49.80 343254 145 8540 109472 7.80 90.20 1095.40 8.23
Pure 7930  566.69 13.99 47.20 1055.71 4.47 8440 421.18 20.03 88.00 292.65 30.07
GPT-0ss-120B Medium Early-Stop 7450 508.60 14.64 3930 772.76 5.08 6570 306.84 21.41 88.00 291.64 30.17
EvoPrompt 79.90 654.63 12.20 49.50 1020.56 4.85 - - - - - -
Ours 80.60 472.89 17.04 48.60 725.61 6.69 8390 371.77 22.56 8830 261.31 33.79
Pure 7570 216.22 3501 4270 29456 1449 8330 206.78 40.28 8540 100.86 84.67
Low Early-Stop 74.80 21346 35.04 41.60 281.57 14.77 7220 181.01 39.88 8530 100.79  84.63
EvoPrompt 76.60 245.61 31.18 4490 315.00 14.25 - - - - - -
Ours 7620 186.15 40.93 4540 252.01 18.01 83.50 188.35 44.33 8490 100.04 84.86
Pure 81.40 3316.56 245 5330 476522 1.11 8590 1798.92 477 84.90 198231 428
Thinking Early-Stop 5470 2138.95 255 3330 2669.79 124 4020 1012.05 397 8340 194548 4.28
EvoPrompt 79.60 3670.03 2.16 51.80 4111.81 1.25 - - - - - -
Ours 81.70 249131 3.27 53.10 379522 139 8530 140623 6.06 84.80 1795.78 4.72

Qwen3-30B

Pure 76.50 114730 6.66 52.50 1986.15 2.64 8330 564.12 14776 73.40 55.71 131.75
Instruct Early-Stop  52.10 464.20 11.22 32.00 858.16 3.72 54.00 33947 1590 7270 51.44 141.32
EvoPrompt 78.60 1704.12 4.61 49.50 2474.67 2.00 - - - - - -
Ours 80.10 87532 9.15 52.60 1497.04 3.51 8340 46399 1797 7320 51.68 141.64

Table 1: Accuracy (Acc.), token usage (Tok.) and reasoning efficiency (Eff.) of reasoning models evaluated on both
in-domain and out-of-domain benchmarks. Bolded values indicate the best performance for each reasoning model.

conditions are not met, the optimizer receives the
reasoning model’s generation tokens preceding the
early-stage entropy peak. These tokens indicate
where the model begins to exhibit uncertainty. If
the late-stage entropy peak conditions are not sat-
isfied, the optimizer instead receives feedback sig-
nals that do not leak information that could directly
influence the reasoning process of the model. The
optimizer is encouraged to generate a more targeted
clarification in the subsequent turn.

The multi-turn interaction is introduced solely
as a training scaffold to stabilize optimization and
improve credit assignment. At inference time, the
prompt optimizer operates in a single-shot manner,
generating at most one clarification per prompt and
introducing no additional interaction overhead.

4 Experiments

4.1 Setup

Training Setting We adopt Qwen3-4B-Instruct as
a lightweight prompt optimizer. Based on observa-
tions from our entropy dynamics experiments, we
set the early-stage ratio to 0.5 and the late-stage
ratio to 0.3. We reuse 1,000 samples from MMLU-
Pro and additionally sample 1,000 instances from
SuperGPQA (Du et al., 2025) to construct the train-
ing set. These datasets span a wide range of profes-
sional domains, enabling the prompt optimizer to
learn robust clarification strategies.

The target reasoning models used during training

include GPT-0ss-120B under low, medium, and
high reasoning effort settings, as well as both the
thinking and instruct variants of Qwen3-30B (Yang
et al., 2025). For entropy peak reward computation,
we set the reasoning model temperature to 0.7 and
perform 16 rollouts to estimate the average peak
position and peak height. We approximate entropy
using only the top-5 token log probabilities.

Evaluation Setting We set the reasoning temper-
ature to 0.0 and perform a single rollout to ensure
reproducibility. The prompt template used for eval-
uation is provided in Appendix C. To quantify rea-
soning efficiency, we compute:

Accuracy

(11)

Reasoning Efficiency = Token Usage
oken Usage

4.2 Empirical Results

In-domain Evaluation The main baselines we
compare against are Pure, Early-Stop (Sharma and
Chopra, 2025) and EvoPrompt (Tong et al., 2025).
For the in-domain benchmarks, we follow the orig-
inal implementation of the Early-Stop method and
EvoPrompt method. Specifically, for the former,
the entropy threshold is computed as the mean en-
tropy of each reasoning model on the training sets
of MMLU-Pro and SuperGPQA, and the patience
parameter is set to 50. For the latter, we obtain
optimized prompts by applying the evolutionary al-
gorithm on the same training sets from MMLU-Pro
and SuperGPQA.
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TU Token Enrichment ‘ SC Token Enrichment
interpret 4.01 double-check 2.54
what does 1.85 verify 1.58
means 1.53 mismatch 1.47
assume 1.38 recompute 1.24

Table 2: Task-understanding (TU) tokens enriched
around early-stage entropy peaks and self-criticism (SC)
tokens enriched around late-stage entropy peaks.

As shown in Table 1, our method achieves the
highest reasoning efficiency on most reasoning
models, without harming, and in some cases even
slightly improving, accuracy. In contrast, the Early-
Stop method also demonstrates effectiveness in im-
proving reasoning efficiency, but it carries the risk
of reducing accuracy, as it directly truncates sub-
sequent tokens once the entropy remains below a
threshold for a predefined number of consecutive
steps. Meanwhile, EvoPrompt primarily focuses
on improving accuracy. Although it successfully
enhances accuracy for most reasoning models, it
often increases token usage, which in turn leads to
lower reasoning efficiency in most cases.

Out-of-domain Evaluation To assess generaliza-
tion, we further evaluate our method on out-of-
domain benchmarks, including BBH (Suzgun et al.,
2023) and MedQA (Jin et al., 2021). For the Early-
Stop method, we estimate the entropy threshold by
averaging the thresholds obtained for each reason-
ing model on MMLU-Pro and SuperGPQA, while
keeping the patience parameter fixed at 50. In con-
trast, EvoPrompt requires a development set for
prompt optimization and is therefore not applicable
in this out-of-domain setting.

As shown in Table 1, our method achieves a
significant improvement in reasoning efficiency
across different reasoning models, indicating that
the learned clarification strategies are robust to sub-
stantial domain shifts. We further report the total
token consumption and the corresponding reason-
ing efficiency in Appendix D.

5 Analysis
5.1 Tokens Associated with Entropy Peaks

To quantify the association between entropy peaks
and specific token types, we measure token enrich-
ment using a normalized occurrence ratio. Specifi-
cally, for each token w, we define

Cseg(w)/Nseg

, o (12)
Cother (w)/Nother

Enrich(w) =

Average Entropy

ow
03 low(clarification)
low(answer)

N S
S H S H L« £ 8
F S SE S S S

Token Position Bin

Figure 6: Relative-position entropy trajectories of GPT-
0ss-120B under high, medium and low reasoning effort,
with clarification and answer conditioning.

where Cgeg(w) and Ngeg denote the number of
occurrences of w and the total number of to-
kens within entropy-peak-adjacent segments, and
Cother(w) and Nogper are defined analogously for
all remaining positions in the response.

As shown in Table 2, early-stage entropy peaks
are selectively associated with tokens indicating
task understanding and semantic clarification. In
contrast, late-stage entropy peaks are characterized
by the enrichment of self-criticism and verification-
related tokens. This apparent enrichment of char-
acteristic functional tokens provide empirical evi-
dence that entropy peaks are not merely statistical
artifacts, but are systematically aligned with dis-
tinct cognitive functions, further supporting our
stage decomposition of the reasoning process.

5.2 Entropy Dynamics with Answer
Conditioning

To investigate how answer leakage influences a
model’s reasoning capability, we compare the
token-level entropy dynamics of GPT-0ss-120B
with clarification-given prompting and answer-
conditioned prompting, in which the answer is
explicitly provided. As shown in Figure 6, un-
der medium and high reasoning effort, answer-
conditioned prompting leads to a sharp drop in
entropy at the early stage, indicating a loss of ex-
ploratory behavior. Moreover, the late stage en-
tropy peak almost entirely disappears. In contrast,
when clarifications are provided, the model’s over-
all entropy trajectory remains much closer to that
observed with the original prompting. This sug-
gests that our prompt optimization method pre-
serves the model’s intrinsic reasoning capability
while avoiding answer leakage. Human evaluation
in Appendix E further support this conclusion.
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Model Effort Method Early Middle Late
High Pure 48236 156449 33648

GPT-o0ss.1208 Ours 27051 1435.80 245.97
Medi Pure  143.63 33404 89.02

e Gurs  67.69 30469 70.49

Thinking FUe 88113 181556 61886

Qwen3-30B Ours 44555 1661.84 462.64
Instracg | PUTC 29867 67041 17821

u Ours 22251 65129 16150

Table 3: Average token usage of GPT-0ss-120B and
Qwen3-30B across early, middle and late stages.

Under low reasoning effort, the behavior differs
slightly. For both the original and clarification-
given settings, entropy decreases in the early stage,
reflecting the model’s limited exploratory capac-
ity under constrained reasoning budgets. However,
with answer-conditioned prompting, entropy ini-
tially increases before sharply dropping. We hy-
pothesize that this entropy increase reflects a tran-
sient conflict between the model’s internal reason-
ing trajectory and the externally imposed answer-
conditioned conclusion. This further highlights
that answer conditioning fundamentally alters the
model’s reasoning dynamics.

5.3 Stage-wise Token Usage Ablation

To examine whether the improvement in reasoning
efficiency arises from reducing unhealthy explo-
ration in the early stage, we conduct a token-usage
stage ablation analysis by measuring the average
number of tokens generated during the early, mid-
dle, and late stages of generation.

As shown in Table 3, our method consistently re-
duces early-stage token usage across all reasoning
models. This suggests that the proposed strategy
enables the model to converge to a stable semantic
interpretation more efficiently, avoiding redundant
reformulations and excessive exploratory phrasing
at the beginning of generation.

In contrast, only modest reductions are observed
in the middle and late stages. This indicates that
sufficient exploration capacity for multi-step rea-
soning is preserved. Such behavior aligns well with
our design goal of avoiding over-regularization dur-
ing the main reasoning phase.

5.4 Comparison with OQutcome-Based Reward

To further examine whether the gains of our method
arise from modeling entropy dynamics rather than
directly optimizing task outcomes, we compare
against two outcome-based alternatives: (1) a

Method MMLU-Pro MedQA
Acc. Eff. Acc. Eff.
Pure 79.30 13.99 88.00 30.07
OptacctLen 8240 21.26 79.80 23.75
Optours 80.60 17.04 88.30 33.79

Table 4: Comparison with Acc+Len-based prompt opti-
mizer on GPT-0ss-120B (medium effort).

prompt optimizer trained with a joint accuracy and
response length reward (OptacciLen), and (2) di-
rect reinforcement learning with verifiable rewards
applied to the reasoning model itself (RLVR).
Comparison with Acc+Len Optimizer. We first
train a prompt optimizer for GPT-0ss-120B under
medium reasoning effort using a joint reward

Len
13
Lenorig> » (13)

which encourages both higher accuracy and shorter
responses.

As shown in Table 4, Optacciren iMproves
both accuracy and reasoning efficiency on the in-
domain benchmark MMLU-Pro. However, this
gain does not transfer to the out-of-domain bench-
mark MedQA, where both accuracy and efficiency
fall below the pure baseline. This pattern suggests
that directly optimizing outcome-level signals may
encourage the optimizer to exploit domain-specific
regularities that are useful on the training distribu-
tion but less reliable under distribution shift. In
addition, the resulting entropy trajectory exhibits
a weaker late-stage peak, resembling the behav-
ior observed under answer-conditioned prompting.
In contrast, our entropy-guided objective yields
consistent efficiency gains while preserving out-of-
domain accuracy, indicating that it improves task
understanding without substantially altering the
model’s downstream reasoning behavior.
Comparison with Direct RLVR. We further com-
pare with a direct RLVR baseline on Qwen3-30B-
Instruct using a scalarized outcome reward:

R:/\-Acc+(1—/\)-<1—

Leny; — Len

R=(1-A) Acc+ - (14

Lengig
where A controls the accuracy—efficiency trade-off.
Results across three values of \ are shown in Ta-
ble 5.

As shown in Table 5, direct RLVR exhibits a
clear trade-off on the in-domain benchmark. When
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Method MMLU-Pro MedQA
Acc. Eff. Acc. Eff.
Pure 76.50 6.66 7340 131.75
RLVR (A=0.25) 84.40 8.26 73.40 133.11
RLVR (A=0.50) 78.10 9.52 7290 13298
RLVR (A=0.75) 69.80 11.28 73.00 133.50
Optours 80.10 9.15 73.20 141.64

Table 5: Comparison with direct RLVR on Qwen3-30B-
Instruct.

A is small, RLVR improves accuracy but yields
only limited efficiency gains. As A increases, ef-
ficiency improves further, but accuracy degrades
substantially, indicating that outcome-level scalar-
ization makes it difficult to balance correctness and
compression in a stable manner. On the out-of-
domain benchmark MedQA, performance remains
close to the pure baseline across different A values,
suggesting limited generalization of the learned pol-
icy. By contrast, our method improves reasoning
efficiency while maintaining competitive accuracy
in both in-domain and out-of-domain settings.

Overall, these results suggest that entropy-
guided prompt optimization provides a more stable
and transferable objective than directly optimiz-
ing outcome-based rewards. Because it targets the
structure of the reasoning process rather than the
final answer alone, it is better aligned with our goal
of reducing unhealthy exploration while preserving
the model’s intrinsic reasoning capability.

6 Related Work

6.1 Entropy Dynamics

Entropy is widely used to probe the internal behav-
ior of large language models. In instruction-tuned
models, prior work (Kuhn et al., 2023; Nikitin et al.,
2024) primarily interprets entropy and related un-
certainty measures as indicators of response relia-
bility and model confidence. Farquhar et al. (Far-
quhar et al., 2024) further introduce semantic en-
tropy to measure disagreement in the semantic
space of generated outputs and apply it to hallu-
cination detection. Subsequent work (Han et al.,
2024; Nguyen et al., 2025) extends this line by
using semantic entropy and related measures to
identify hallucinations in LLM outputs.

With the emergence of large reasoning mod-
els, recent studies have begun to interpret en-
tropy as a signal of reasoning convergence and

to use it reactively to dynamically adjust reasoning
depth (Zhang et al., 2025) or as a confidence signal
for early stopping (Sharma and Chopra, 2025). In
addition, several works (Wang et al., 2025; Agar-
wal et al., 2025b) incorporate entropy directly into
training objectives, using it as a reward or regu-
larization signal to prevent entropy collapse and
thereby encourage exploration.

6.2 Prompt Optimization

Prompt optimization aims to improve task perfor-
mance by rewriting, expanding, or searching over
prompts, while keeping model parameters fixed.
Early work in this direction treats prompts as dis-
crete textual objects and relies on heuristic strate-
gies (Schick and Schiitze, 2020; Shin et al., 2020)
or black-box search (Wallace et al., 2019) to ex-
plore prompt variants.

More recent approaches leverage LLMs them-
selves as prompt optimizers. In this paradigm, an
LLM acts as a meta-optimizer (Yang et al., 2023),
generating candidate prompts (Zhou et al., 2022),
mutating them via evolutionary operators (Tong
et al., 2025) with improved variants selected in a
closed optimization loop.

Beyond using frozen LLLMs as prompt optimiz-
ers, recent work has explored explicitly training
or adapting LLMs to better function as optimizers.
This line of research treats optimization itself as
a learnable behavior, where models are trained to
propose improved solutions based on feedback sig-
nals such as task rewards (Deng et al., 2022) or
preference comparisons (Lin et al., 2024).

7 Conclusion

In this work, we show that a substantial portion of
exploration in LLM reasoning is unhealthy: it is
induced by prompt ambiguity, and inflates token
usage without improving reasoning quality. We
propose an entropy-dynamics-aware prompt opti-
mization framework that generates concise clari-
fications to reduce early-stage uncertainty while
preserving healthy exploration. Extensive experi-
ments show that our method consistently improves
reasoning efficiency without sacrificing accuracy.

Limitations

Despite the effectiveness of our proposed prompt
optimization framework, our work has several limi-
tations that merit discussion:
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* Although we evaluate across multiple mod-
els, reasoning budgets, and in- and out-of-
domain benchmarks, our experiments remain
limited to a finite set of architectures and
datasets. It remains unclear how well the pro-
posed approach generalizes to other genera-
tion paradigms, such as interactive dialogue,
or open-ended creative generation.

* Although entropy peaks empirically align with
distinct reasoning stages, entropy remains an
indirect proxy for internal uncertainty and ex-
ploration. Future work may incorporate com-
plementary signals, such as semantic entropy
or representation-level measures, to better dis-
tinguish unhealthy from healthy exploration.

* Our explicit restriction that clarifications re-
main concise and non-informative with re-
spect to solution steps may limit the opti-
mizer’s ability to handle prompts that are
deeply underspecified or structurally flawed.
In such cases, more substantial prompt refor-
mulation may be required, which falls beyond
the scope of the current framework.
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A Baseline

Early Stop (Sharma and Chopra, 2025) is an
inference-time efficiency method that monitors
sequence-level entropy during generation and ter-
minates reasoning once the entropy remains below
a predefined threshold for a fixed number of steps.
By truncating later-stage generation, it aims to re-
duce unnecessary token usage while maintaining
acceptable accuracy.

Evoprompt (Tong et al., 2025) is a prompt opti-
mization framework that applies evolutionary algo-
rithms to iteratively refine prompts based on task
performance. It focuses on improving answer ac-
curacy by exploring prompt variants through mu-
tation and selection, and requires a development
set to evaluate candidate prompts and guide the
evolutionary search process.

B Benchmarks

MMLU-Pro (Wang et al., 2024) is a large-
scale multi-task benchmark designed to evaluate
professional-level language understanding across
diverse academic and technical domains. Com-
pared to the original MMLU benchmark, it features
increased difficulty and reduced annotation noise,
making it well-suited for evaluating advanced rea-
soning capabilities of large language models.

SuperGPQA (Du et al., 2025) is a comprehensive
benchmark covering 285 graduate-level disciplines,
with questions curated to require domain-specific
knowledge and multi-step reasoning. Its breadth
and difficulty make it a challenging testbed for
assessing both reasoning robustness and general-
ization across professional domains.

Big-Bench Hard (BBH) (Suzgun et al., 2023) a
subset of the BIG-Bench benchmark consisting of
tasks that are empirically difficult for large lan-
guage models. The benchmark emphasizes compo-
sitional and multi-step reasoning, and is commonly
used to evaluate the effectiveness of advanced rea-
soning strategies.

MedQA (Jin et al., 2021) is a medical question an-
swering benchmark derived from professional med-
ical licensing examinations. The dataset requires
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In-domain Benchmarks

Out-of-domain Benchmarks

Model Effort Method

MMLU-Pro SuperGPQA BBH MedQA
Acc.t  Tok.]  Eff.t Acct Tok.)  Eff.t Acct Tok.)  Eff.ft Acc.t Tok.l Eff.1
Hieh Pure  80.60 238335 338 4940 450031 1.09 8440 149653 5.63 9110 1372.63 6.63
g Ours 8030 1883.77 426 49.80 3469.76 143 8540 1107.80 7.70 9020 121628 7.41
GPT-oss-120B o oo Pure 7930 566.69 1399 4720 105571 447 8440 42118 2003 8800 29265 3007
Ours  80.60 52275 1541 48.60 77653 625 8390 387.09 21.67 88.30 280.23 31.50
L Pure 7570 21622 3501 4270 29456 1449 8330 20678 4028 8540 100.86 84.67
ow Ours 7620 209.88 3630 4540 26375 17.25 83.50 200.52 41.64 8490 11678 72.70
Thinki Pure 8140 331656 245 5330 476522 1.11 8590 179892 477 8490 198231 428
Mg Ours 8170 2553.35 3.9 53.10 385548 137 8530 145283 5.87 8480 182835 4.63
Qwen3-30B
Instruct | PU€ 7650 114730 666 5250 198615 264 8330 56412 1476 7340 5571 13175
Ours 8010 102540 7.81 52.60 195121 2.69 83.40 48439 1721 7320 67.80  107.96

Table 6: Total token usage of reasoning models.

complex clinical reasoning and domain knowledge,
making it a standard benchmark for evaluating rea-
soning performance in the medical domain.

C Prompt

Clarification Generation

You are a helpful assistant that generates a hint
to help a reasoning model understand the question
and avoid ambiguity.

Target Reasoning Model: {{Target Model}}

Rules:

1) Do NOT change the question text or options.

2) Conclude your response with label ’Clarifi-
cation:’, followed by one single your generated
clarification.

3) No solution steps, no answer letter.

Instruction: {{Instruction}}

Clarification Refinement (Early Stage Reward
Failure)

Your previous hint did not sufficiently reduce
early-stage uncertainty. Below are the tokens gen-
erated by the reasoning model *before* its main un-
certainty peak, indicating where the model started
to become confused or ambiguous.

Early-stage Tokens: {{Tokens}}

Based on these tokens, identify what the reason-
ing model misunderstood or was uncertain about,
and generate a NEW, more targeted hint to clarify
the instruction, ensuring:

1) Do NOT change the question text or options.

2) Conclude your response with label ’Clarifi-
cation:’, followed by one single your generated
clarification.

3) No solution steps, no answer letter.

Clarification Refinement (Late Stage Reward
Failure)

Your previous hint destabilized the reasoning
model’s late-stage processing. This means the hint
may have been too specific, leaked information, or
disrupted the model’s natural reasoning flow.

Please generate a NEW, more targeted hint to
clarify the instruction, ensuring:

1) Do NOT change the question text or options.

2) Conclude your response with label ’Clarifi-
cation:’, followed by one single your generated
clarification.

3) No solution steps, no answer letter.

D Total Token Usage

To demonstrate that our prompt optimizer does not
introduce excessive token overhead that would off-
set the reasoning efficiency gains of the reasoning
model, we report both the total token usage and the
corresponding reasoning efficiency.

We denote by 7, the number of tokens used by
the prompt optimizer, P, the parameter size of the
optimizer, P, the number of activated parameters
of the reasoning model during inference, and 7
the number of tokens used by the reasoning model.
The total token usage is computed as

P,
ﬂotal = To e

P + 1.

(15)

Specifically, T, = 4 for our prompt optimizer
trained on Qwen3-4B-Instruct. For GPT-OSS-
120B, the number of activated parameters during
inference is P, = 5.1, as reported in our analy-
sis, while for the Qwen3-30B series, P, = 3. As
shown in Table 6, even after accounting for the
token usage introduced by the prompt optimizer,
our proposed prompt optimization framework still
achieves a significant improvement in reasoning
efficiency.
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(c) End-aligned Position

Figure 7: Token-level entropy of GPT-0ss-120B under low reasoning effort.

E Human Evaluation

Although the entropy-dynamics analysis in Sec-
tion 2 suggests that our prompt optimization frame-
work preserves the reasoning behavior of the un-
derlying model, we further conduct a manual evalu-
ation to assess whether the generated clarifications
exhibit answer leakage.

Specifically, we randomly sample 100 generated
clarifications from the evaluation set and ask three
independent annotators with backgrounds in com-
puter science and machine learning to label each
clarification according to the following three-level
taxonomy:

* No Leakage: The clarification only dis-
ambiguates the task or constraints, without
revealing the answer, intermediate solution
steps, or strong hints toward a specific option.

* Partial Leakage: The clarification provides
mild directional cues or narrowing signals that
may reduce the reasoning space, but does not
directly reveal the correct answer.

* Full Leakage: The clarification explicitly re-
veals the correct answer or provides decisive
information that largely removes the need for
reasoning.

All clarifications are annotated independently,
and the final label for each sample is determined by
majority vote. Among the 100 sampled clarifica-
tions, 66% receive unanimous three-way agreement
and the remaining 34% receive two-of-three agree-
ment; no instance exhibits complete three-way dis-
agreement. Nearly all disagreements occur at the
boundary between No Leakage and Partial Leak-
age, suggesting that the taxonomy is well-defined
for the vast majority of cases while remaining sen-
sitive to borderline directional cues.

In addition to human annotation, we also per-
form an automatic assessment using an LL.M-as-a-
judge. We use GPT-5 as an external evaluator and

No Leakage Partial Leakage Full Leakage
Human 83 17 0
GPT-5 89 11 0

Table 7: Human evaluation and LLM-as-a-judge results
on answer leakage in generated clarifications.

ask it to classify each clarification using the same
three leakage categories. The judging prompt is
shown below.

LLM-as-a-Judge Prompt

You are an impartial evaluator assessing
whether a clarification generated by a prompt opti-
mizer exhibits answer leakage.

Original Question: {{Question}}

Clarification: {{Clarification}}

Your task is to classify the clarification into one
of the following three categories:

1) No Leakage: The clarification purely disam-
biguates the task or constraints. It does NOT reveal
the answer or strong hints toward a specific answer
choice.

2) Partial Leakage: The clarification contains
mild cues, narrowing signals, or directional hints
that reduce the reasoning space, but does NOT
explicitly reveal the answer.

3) Full Leakage: The clarification explicitly re-
veals the answer.

No need to consider correctness of the clarifica-
tion.

Conclude your response with label “Judge-
ment:”, followed by No Leakage / Partial Leakage
/ Full Leakage.

To reduce stochastic effects, GPT-5 is queried
with temperature set to zero, and each clarification
is evaluated independently.

As shown in Table 7, the majority of generated
clarifications are labeled as No Leakage by both hu-
man annotators and GPT-5, and neither evaluation
identifies any Full Leakage case. This result pro-
vides direct evidence that the learned clarifications
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GPT-5: No Leakage GPT-5: Partial Leakage

Human: No Leakage 75 8
Human: Partial Leakage 10 7

Table 8: Human—-LLM confusion matrix on the No-
Leakage / Partial-Leakage categories. Full Leakage is
omitted because neither evaluator assigns any instance
to this category.

are generally non-revealing and remain consistent
with our design constraint of avoiding solution dis-
closure.

The confusion matrix in Table 8 further shows
that GPT-5 agrees with the human majority label
on 75 out of 83 human-labeled No Leakage cases
(90.4%). Most disagreements are concentrated
near the boundary between No Leakage and Partial
Leakage, where GPT-5 tends to apply a slightly
more conservative standard. We view this pattern
as expected, since borderline directional hints are
inherently more subjective than explicit answer rev-
elation.

These findings are also consistent with our
entropy-based analysis. Direct answer leakage
would substantially collapse the model’s reasoning
dynamics, especially by weakening or eliminating
the late-stage entropy peak associated with verifi-
cation. By contrast, mild partial leakage is more
likely to alter the model’s early reasoning behavior
by injecting directional cues, which can elevate or
delay the early-stage entropy peak. Both behaviors
deviate from the desired entropy dynamics and are
therefore discouraged by our entropy-peak-based
reward.

F Additional Entropy Dynamics

We also present the entropy dynamics of GPT-oss-
120B under low reasoning effort, together with
results from the Qwen3-30B series.

As shown in Figure 7, unlike the medium- and
high-reasoning-effort settings, GPT-0ss-120B un-
der low reasoning effort does not exhibit a pro-
nounced early-stage entropy increase, even when
prompt ambiguity is introduced. Nevertheless, ele-
vated entropy remains observable in the late stage
of generation, indicating that uncertainty is not
eliminated but manifests at a later phase. These ob-
servations reveal an asymmetric capacity allocation
under constrained reasoning budgets: early-stage
exploratory behaviors are sacrificed first, while late-
stage verification and answer finalization are com-
paratively preserved. With more ample reasoning

a
0.2 0.5 0.8

04 77.80/14.65 79.20/16.75 82.10/17.21
v 0.3 80.40/15.66 80.60/17.04 80.60/16.87
0.2 79.20/14.35 83.60/16.48 79.90/17.43

Table 9: Accuracy / Efficiency (%) under varying early-
stage ratio v and late-stage ratio ¥ on MMLU-Pro (GPT-
0ss-120B, medium effort).

budgets, models are able to invest additional tokens
in early-stage exploration, which explains why to-
ken usage increases more rapidly with higher mask
ratios under higher reasoning effort.

As shown in Figure 8 and Figure 9, the Qwen3-
30B series exhibits trends similar to those observed
for GPT-0ss-120B. Specifically, the entropy trajec-
tory follows a consistent pattern: it initially in-
creases, then decreases, rises again, and finally
drops sharply toward termination. Moreover, as
prompt ambiguity increases, the early-stage en-
tropy peak becomes both elevated and delayed,
while the late-stage entropy peak remains highly
convergent. These results further demonstrate the
generality of the observed dual-peak entropy dy-
namics across different model families, supporting
the robustness of our analysis.

G Hyperparameter Sensitivity

G.1 Stage Window Parameters

Our framework uses the early-stage ratio « to
define the prompt-understanding window and
the late-stage ratio ~ to define the termination-
neighborhood window. We study the sensitivity of
these two parameters by training the prompt opti-
mizer with different (¢, y) combinations, targeting
GPT-0s5-120B under medium reasoning effort on
MMLU-Pro.

As shown in Table 9, performance is mainly af-
fected when the early-stage window is too narrow.
In particular, when @ = 0.2, the optimizer becomes
less stable, suggesting that such a short window
may not fully cover the early-stage entropy peak.
Once « is increased to 0.5 or 0.8, performance be-
comes substantially more stable across different
values. By contrast, the method is relatively insen-
sitive to -y, indicating that the late-stage entropy
signal remains informative under moderate shifts
of the termination-neighborhood window. Overall,
these results support the robustness of our default
setting, « = 0.5 and v = 0.3.
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Figure 8: Token-level entropy of Qwen3-30b-instruct.

(a) Relative Position

o 000
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(b) Start-aligned Position

(c) End-aligned Position

Figure 9: Token-level entropy of Qwen3-30b-thinking.

G.2 Temperature Robustness

The entropy-peak reward is computed at training
temperature 7' = 0.7. To examine whether the
underlying entropy structure remains stable under
higher sampling temperatures, we analyze the en-
tropy dynamics of GPT-0ss-120B under medium
reasoning effort at 7" € {1.0,1.2,1.5}.

AtT = 1.0 and T' = 1.2, the entropy trajectory
preserves the same overall three-stage pattern ob-
served in the main text: a sharp rise in the early
stage, a gradual decline through the middle stage,
and a final drop near termination. As temperature
increases, entropy values shift upward overall, and
the early-stage peak moves slightly later, from ap-
proximately 25% to 30% of the sequence, while
the late-stage peak remains stably located around
85%.

At T = 1.5, the entropy curve becomes more
monotonically increasing, indicating a qualitative
change in the signal shape. Nevertheless, the
middle-stage growth remains slower than that of
the early stage, and the sharp entropy drop near
termination is still preserved. These results sug-
gest that the entropy-based reward remains struc-
turally stable under moderate temperature increases
(T' < 1.2), which covers the range commonly used
in reasoning generation. At more extreme temper-
atures, additional entropy normalization may be
needed, which we leave to future work.

H Ambiguity and Complexity Analysis

To further examine whether our method suppresses
beneficial exploration in genuinely difficult prob-
lems, we partition benchmark instances using a
2 x 2 design along two axes: prompt ambiguity and
task complexity.

Prompt ambiguity is proxied by the early-stage
entropy peak height under the original prompt. In-
stances in the top 50% are labeled Ambiguous, and
the remainder are labeled Clear. Task complexity
is proxied by the reasoning model’s pass rate on
the original prompt. Instances in the bottom 50%
are labeled Complex, and the remainder are labeled
Simple.

Table 10: Early-stage token saving ratio and accuracy
change across the 2 x 2 Ambiguity x Complexity parti-
tion.

Ambiguity Complexity Token Saved (%) A Acc (%)
. Simple 27.70 +1.56
Ambiguous o lex 33.80 +3.65
. Simple 4.26 —0.82
Clear Complex 6.11 +0.89

As shown in Table 10, early-stage token sav-
ings are concentrated primarily in the Ambigu-
ous subsets, while the corresponding reductions
in the Clear subsets are much smaller. This pat-
tern suggests that the prompt optimizer mainly re-
moves ambiguity-induced uncertainty, rather than
uniformly compressing the reasoning process re-
gardless of the input.
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The largest gains are observed in the Ambiguous
x Complex subset, where early clarification yields
both substantial token savings and improved accu-
racy. This result indicates that structurally difficult
problems benefit most when ambiguity in the task
formulation is resolved before the model commits
to a reasoning trajectory.

By contrast, performance remains largely stable
in the Clear subsets. The small fluctuation in Clear
x Simple is within normal variance and does not
suggest that our method suppresses useful explo-
ration, especially given that the baseline accuracy
in this subset is already above 90%.

At the same time, a small fraction of cases
(0.21%) exhibits the opposite behavior: the rea-
soning model answers correctly under the original
prompt but fails after clarification. These failures
are concentrated almost entirely in the Ambiguous
x Complex subset. This suggests that, in a lim-
ited number of high-complexity cases, broad early-
stage exploration may contain structurally useful
hypothesis testing, and overly restrictive clarifica-
tion can occasionally reduce robustness. We view
this interaction between ambiguity and complexity
as an important boundary condition of our frame-
work.
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