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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has become a central approach
for improving the reasoning ability of large
language models. Recent work studies RLVR
through token entropy, arguing that high-
entropy tokens drive exploration and should
receive stronger updates. However, they over-
look the fact that most of a reasoning trajec-
tory consists of low-entropy segments that en-
code stable and reusable structural patterns.
Through qualitative and quantitative analyses,
we find that the overlap of low-entropy seg-
ments across correct responses strongly cor-
relates with model accuracy, while overlaps
involving incorrect responses exhibit stable
but unproductive patterns. Motivated by these
findings, we propose LESS, a correctness-
aware reinforcement framework that performs
fine-grained advantage modulation over low-
entropy segments. LESS amplifies segments
unique to correct responses, suppresses those
unique to incorrect ones, and neutralizes seg-
ments shared by both, while preserving high-
entropy exploration in the underlying RL algo-
rithm. Instantiated on top of GRPO and GSPO,
LESS not only improves accuracy over strong
RL baselines across three backbones and six
math benchmarks, but also achieves stronger
robustness of the performance floor.

1 Introduction

The reasoning capability of Large Language Mod-
els (LLMs) plays a central role in tasks such as
mathematics (DeepSeek-Al et al., 2025; Chen et al.,
2024), programming (5 Team et al., 2025; Wei
et al., 2025b; Da et al., 2025), science problem-
solving (M2 Team et al., 2025; Sellergren et al.,
2025; Jing et al., 2025), and legal analysis (Zhang
et al., 2025a,b). Reinforcement Learning with Veri-
fiable Rewards (RLVR) has emerged as an effective
approach for improving reasoning reliability, where
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the correctness of the final answer is used as a re-
ward signal to update the model. Representative
RLVR methods (Shao et al., 2024; Yu et al., 2025)
typically apply policy updates uniformly across all
tokens in a generated sequence.

Recent studies have argued that different parts
of a reasoning sequence contribute differently to
the final outcome through the lens of token en-
tropy, and that RLVR training should take this into
account. They observe that high-entropy tokens
often correspond to exploratory reasoning steps,
where the model tests alternative solution paths.
For example, Cui et al. (2025) show that training en-
courages the model to explore uncertain reasoning
branches; Zhang et al. (2025) encourage diversity
in correct attempts by adjusting update strength in
high-entropy regions; and Cheng et al. (2025) show
that increasing entropy can improve the ability to
search for solutions. Most notably, Wang et al.
(2025) study demonstrates that only a small sub-
set of tokens with high entropy disproportionately
influence reasoning outcomes, suggesting that RL
training should focus attention on these regions.

While existing entropy-based approaches have
shown promising results, they focus almost entirely
on high-entropy tokens, treating these points as
the main drivers of exploration in reasoning. This
overlooks that most of a reasoning sequence is com-
posed of low-entropy segments (e.g., Wang et al.
(2025) treat about 80% of tokens in a response
as low-entropy), which form the stable structural
scaffold that shapes how the solution is carried
out. To examine the role of these low-entropy seg-
ments, we conduct both qualitative and quantitative
analyses on RLVR-trained models, which is elab-
orated in §2. From the preliminary studies, we
have the following observations. First, as shown in
Fig 1(a), correct responses share consistent low-
entropy segments that reflect coherent and pro-
ductive reasoning steps, while incorrect responses
also display their own repeated low-entropy pat-
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Solve the following math problem step by step. The last line of your response should be in the format of \boxed{}. In triangle $ABC$, $\angle ABC =
90\circ$ and $AD$ is an angle bisector. If $AB = 90,$

nearest integer. Remember to output the final answer in the format of \boxed{}.

,$ $BC = x$, and $AC = 2x - 6,$ then find the area of $\triangle ADC$. Round your answer to the

Accuracy vs. overlap proportion (r = 0.940, p = 1.81e-06)
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To solve the problem, we need to find the value of \(x\) first. We know that \(

Correct Response 1 Incorrect Response 1

To solve the problem, we will follow these steps:1. Use

.
Amcn

520 = \frac{212)7 \cdot 56} \cdot
2520 = \frac(212 \cdot 2520)(7 \edm 56) = \frac(212 \cdot 45)(7) = \frac(9540)(7) \approx
1362.86 \]Rounded to the nearest integer, the area of \(\triangle ACD \) is \(1363\).50 the final
answer is:\(\boxed{1363)\)

= \fra<(2|2)(392) \cdot 2520
= \frac(212 \cdot 2520)(392) = \frac(5354401392} = 1368 \JSo the area of triangle \(ADC\) is
\(\boxed{(1368))).

by using

m for \(\triangle ABC \J\[ A

Correct Response 2

To solve the problem, we need to find the area of triangle \( \triangle ADC \)

Incorrect Response 2

To solve this problem, we need to follow a series of steps:
We know that \(
\CA2\]

rc ), so we can use ALA
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The are is: )_{ABC) =
\frac(212/7)(56) \cdot 2520 = \frac{212 \cdot 2520}(7 \cdot 56) = \frac{212 \cdot 45)(7) =
\frac(9540)(7) \approx 1362.857 \IRounded to the nearest integer, the area of \(\triangle
ADC\)is \( 1363 ). The final answer is:\[\boxed{(1363)\]

So

= \frac(212 \cdot 2520)(392) = 1332 \[Finally, we round the answer to the nearest integer,
which is already an integer. So the area of triangle \(ADC\) is:\[ \boxed(1332}\]

= \(ra((ZlZ)(BQZ) \cdot 2520

—e— Low-entropy segment overlap.
- Accuracy

(a) . high-entropy (uncertain) tokens

. low-entropy segments shared only by correct responses

low-entropy segments shared by both correct and incorrect responses

Low-entropy segment overlap ratio in correct responses

] £ 150 50 200 250
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low-entropy segments shared only by correct responses (c)

Figure 1: Low-entropy analysis reveals stable reasoning behaviors. Left: a case study where correct and incorrect
responses exhibit shared and distinct low-entropy segments. Right-top: Across math benchmarks, accuracy strongly
correlates with low-entropy segment overlap in correct responses. Right-bottom: During GRPO training of
Qwen2.5-Math-7B, both accuracy and low-entropy overlap rise together, showing that performance gains emerge

alongside the stabilization of reasoning patterns.

terns that represent stable but unproductive rea-
soning habits. Second, cross-dataset evaluation
in Fig 1(b) shows a strong positive correlation be-
tween Qwen2.5-Math-7B accuracy and the overlap
of low-entropy segments in correct responses, indi-
cating that this relationship holds across tasks and
model setups. Third, from the training dynamics
in Fig 1(c), we observe that the model accuracy and
the overlap of low-entropy segments across correct
responses increase together, showing that improve-
ments in reasoning ability are accompanied by the
consolidation of shared structural patterns. These
observations suggest that simply emphasizing high-
entropy regions is insufficient, and the treatment of
low-entropy segments is directly related to whether
useful or harmful reasoning routines are reinforced.

Building on these observations, we introduce
Low-Entropy Segment Shaping (LESS), a rein-
forcement learning with verifiable rewards frame-
work that treats low-entropy structure as an ex-
plicit training signal. LESS inserts an entropy-
aware segmentation step into the policy update. For
each generated solution, it splits the trajectory into
high-entropy exploration tokens and contiguous
low-entropy segments, and then aggregates how
often each segment appears in correct versus in-
correct responses within a rollout group. These
statistics are used to rescale token-level advantages

in a structured way: segments that occur only in
correct trajectories receive amplified positive ad-
vantages, segments that occur only in incorrect
trajectories receive amplified negative advantages,
and segments that co-occur in both are neutralized,
while high-entropy tokens keep their original RL
updates. In this way, LESS strengthens reusable
reasoning structure and suppresses repeated failure
patterns without harming exploration. The frame-
work is agnostic to the underlying RLVR objec-
tive. In this work, we instantiate LESS on top of
two widely used multi-sample training methods—
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) and Group Sequence Policy Optimiza-
tion (GSPO) (Zheng et al., 2025). Extensive ex-
periments conducted on six reasoning benchmark
demonstrate LESS outperforms popular baseline
across almost all tasks and model scales (1.5B,
7B math-tuned, and 7B base). In particular, it
yields notable improvements on AIME24/25 and
AMC23, where stable multi-step reasoning is essen-
tial. Moreover, compared to vanilla GRPO, LESS
markedly reduces the worst-case dispersion among
sampled responses. This aligns with the core goal
of LESS—to reinforce beneficial structural seg-
ments and suppress misleading ones—ultimately
producing more stable and reliable policy updates.

In summary, our contributions are three-fold:
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(1) We introduce a segment-level perspective on
RLVR that distingsuishes low-entropy segments
by correctness, revealing stable structural patterns
in LLM reasoning. (2) We propose LESS, a plug-
in algorithm that reweights token-level advantages
by segment statistics, amplifying low-entropy seg-
ments unique to correct trajectories, suppressing
those unique to incorrect ones, and neutralizing
shared segments. (3) We show that LESS consis-
tently improves accuracy across six mathematical
reasoning benchmarks and three backbones, while
also improving robustness under worst@K and re-
ducing variance across sampled rollouts.

2 Preliminary Analysis

We examine low-entropy segments as an indicator
of stable reasoning behavior in LLMs and study
how these signals relate to model correctness and
performance.

We begin by conducting a qualitative experiment
to visualize the entropy structure of multiple re-
sponses produced for the same question. Specifi-
cally, we analyze the token-level entropy patterns
of Qwen2.5-Math-7B on the mathematical reason-
ing dataset (Hendrycks et al., 2021), which enables
us to separate responses into stable and unstable re-
gions and to identify the parts of the model’s reason-
ing that remain consistently preserved across differ-
ent outputs. As shown in Fig. 1 (a), high-entropy
tokens (in red) mark unstable regions where the
model varies its reasoning, while low-entropy seg-
ments reveal stable structures that the model consis-
tently reuses. Within these low-entropy segments,
we observe three distinct patterns. (1) Segments
shared only by correct responses (in blue) corre-
spond to productive reasoning steps that reliably
support the correct solution. (2) Segments shared
only by incorrect responses (in green) reflect stable
but unproductive reasoning habits, for example, the
repeated computation “% -2520 = % =77,
(3) Segments shared by both correct and incorrect
responses (in ) capture general reasoning
components that are stable but not predictive of cor-
rectness—for instance, invoking “the Pythagorean
theorem,” which provides a common derivation
framework but is not the source of the subsequent
correct or incorrect calculations. This evidence
shows low-entropy segments encode structured rea-
soning behaviors that differentiate effective and
ineffective model responses.

To test whether the qualitative patterns extend be-

yond a single example, we measure the overlap of
low-entropy segments across correct responses for
a range of math benchmarks, including AIME24,
AIME25, AMC23, MATH500, Minerva, and the
Omni-MATH series. The calculation of the low-
entropy segment overlap ratio for a benchmark is
presented in §3. As shown in Fig.1 (b), benchmark
accuracy is strongly correlated with the degree of
low-entropy overlap across correct responses (Pear-
son = 0.94 and p-value = 1.81e~%). Bench-
marks with higher accuracy, such as MATH500
and Omni-MATH-3, exhibit clear clustering to-
ward higher overlap ratios, while lower-accuracy
benchmarks show weaker consistency in their sta-
ble segments. The fitted regression line further
highlights this trend, indicating that stronger task
performance is associated with more consolidated
reasoning structure and greater reuse of stable low-
entropy patterns. Similar positive correlations (Ap-
pendix A.6) are observed across several other back-
bones.

We further examine how these patterns evolve
during learning. Using GRPO training of Qwen2.5-
Math-7B, we track both accuracy and low-entropy
segment overlap over training steps. As shown
in Fig. 1 (c), the two trajectories rise together
throughout training: early stages display low accu-
racy and fragmented low-entropy structure, while
later stages show increasing stability in low-entropy
segments alongside improved accuracy. This syn-
chronous growth suggests that the model’s reason-
ing becomes more consistent as training progresses
and that stable low-entropy segments emerge as the
model acquires more reliable reasoning routines.
These results confirm that low-entropy overlap re-
flects not only final performance but also the de-
velopmental trajectory of the model’s reasoning
behavior. We observe the same co-evolution pat-
tern (Appendix A.5) on Qwen2.5-Math-1.5B and
Qwen2.5-7B.

These results show that low-entropy segments
provide a reliable signal for understanding and
guiding model reasoning. They capture stable com-
putational routines that distinguish correct from
incorrect behavior, reflect the degree of structural
consistency across benchmarks, and track the de-
velopment of reasoning stability during learning.
These observations suggest low-entropy segments
can serve as informative targets for optimization,
enabling the model to strengthen productive reason-
ing routines while suppressing unproductive ones.
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3 Methodology

Motivated by these findings, we propose Low-
Entropy Segment Shaping (LESS), an RLVR frame-
work that improves reasoning stability by reshap-
ing token-level advantages using statistics of low-
entropy segments across sampled responses. LESS
is compatible with standard RLVR algorithms and
can be used as a plug-in module, and we instantiate
it on top of GRPO and GSPO in this work.

3.1 LESS: Low-Entropy Segment Shaping

Given an input question g, the policy generates a
group of responses G = {O1,...,O¢g}, LESS de-
tects low-entropy segments and shapes correspond-
ing advantages as follows:

Entropy-based segment extraction. Fora O; =
[t1,...,%0,|), the entropy of token t; is

He; = 72 Toye (v | 2, 0:<j) logme (v | x, 0:<j).

veV

(€]
Following Wang et al. (2025), we compute an en-
tropy threshold 7; for each response O; as the h-
quantile of its token entropies H;,. We then treat
high-entropy tokens as isolated positions and group
consecutive low-entropy tokens into contiguous
spans. A minimum length p is used to filter out
trivial low-entropy spans (such as punctuation or
very short frequent phrases). This gives three types
of entropy-based structures:

S ={t; € 0; | My, > 7},
S ={0i[a:b] [ b—a+1<p, V€ [a,b] 1 He, < T},
§i* ={Os[a:b] |b—a+ 1> p, YVt € [a,b] : Hi, <71},
(@3]
where S? 8h collects individual high-entropy tokens,
8™ contains short low-entropy fragments that are
likely uninformative, and Sis “¢ contains longer low-
entropy segments that we regard as structured rea-
soning candidates. Then, we aggregate how often
each Sfeg appears in correct versus incorrect re-
sponses within a rollout group. Let N,. and N,, de-
note the number of correct and incorrect responses
in G. For a low-entropy segment o, we count its
frequency over the group:

nr(o) = |{i | correct; = 1 Ao € S;®}],

. 3
nw(o) = {1 | correct; = 0 Ao € S;®}|. ©)

Overlap Ratio. The low-entropy segment over-
lap ratio for a group of rollouts is defined as:

2 ZUEELJ- len(U)

Roverlap = |g‘(|g| — 1) Li+1L, 4)

1<i<5 <G|

where Y; ; denotes the set of token-wise identi-
cal continuous subsequences between valid low-
entropy segments S; © and S>°* which is outlined
in Algorithm 1, and L; = ZO’ES:eg len(o) is the
total length of valid low-entropy segments in O;.
Advantage shaping. LESS modifies the advan-
tage assigned to each token ¢; in O; as:

A, t; € Seh
A;/N,, t; € Sfrag, correct; = 1,
di A; [Ny, t; € Sifmg, correct; = 0, )
7 0, J;ESSEg, Ny > 0, Ny >0,
(ne/Np)Ai,  0i€S58, ny >0, ny =0,
(nw/Nw)A;, U}GSfcg, Ny =0, Ny > 0.

This rule: (i) preserves exploratory high-entropy
behavior, (ii) reinforces stable segments unique to
correct responses, (iii) penalizes those unique to
incorrect responses, (iv) ignores ambiguous seg-
ments shared by both groups. The full pseudocode
of LESS and its time complexity analysis are given
in Appendix A.1.

3.2 Instantiations

LESS is designed as a generic advantage—shaping
framework and can be applied to current RLVR
methods that computes token- or sequence-level ad-
vantages. In this work, we instantiate LESS using
the GRPO (Shao et al., 2024) and GSPO (Zheng
et al., 2025). These methods are particularly suit-
able for our setting because it (i) generates a group
of responses for each query, allowing entropy-
based statistics to be computed across samples, and
(i1) performs stable clipped-ratio updates that inter-
act well with our advantage shaping.

LESS with GRPO. For an input query g,
the policy produces GG responses with rewards
{r1,...,rg}. GRPO standardizes these rewards
to obtain group-relative advantages:

r; — mean(r1.q)

A =
’ std(ri.q)

(6)

GRPO then updates the policy by maximizing a
clipped likelihood-ratio objective regularized by a
KL constraint toward a reference policy:

G
JGRPO(Q) = E éz 1| (min(aiAi, 6(1141) — K,i) .
i=1 7"

lo

where «a; = M, a; = clip(ai, 1 —€,1+¢),
T4 (0 | )
ki = B Dxw(me || Tret) , @)
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GRPO’s group-wise credit assignment is well
aligned with LESS, since the same group of re-
sponses used for reward normalization is also used
by LESS to compute low-entropy statistics. Re-
placing A; in Eq. 7 with the shaped advantage /1;
in Eq. 5 yields our LESS-GRPO training objective.

LESS with GSPO. GSPO differs from GRPO
by performing importance weighting and clipping
at the sequence level. Given the same group of
responses {0;}& ;, GSPO defines the sequence-
level importance ratio and optimizes

G
Jaspo(f) =E é; \Olzl (min(ﬂiAi, BiAi) — ’%)] .
where 3; = (M) it , ki = B Dki(mo || Tret)
T4 (0 | )
Bi = clip(Bi, 1 — e, 1+ ¢), ®)

Similarly, to integrate LESS with GSPO, we retain
GSPO’s sequence-level importance weighting but
replace the scalar group advantage A; Eq.8 with
token-level shaped advantages in Eq.5.

4 Experiments

We answer the following research questions with
experiments: RQ1:How does LESS affect perfor-
mance across diverse benchmarks when applied
on top of standard RLVR algorithms (GRPO and
GSPO), compared with strong baselines? RQ2:
How does LESS influence the training dynamics
of LLM reasoning, compared with GRPO, in terms
of accuracy growth, stability. RQ3: How do LESS
and GRPO differ in the evolution of entropy-based
reasoning structures during training? RQ4: Does
LESS improve worst-case reasoning robustness
compared with GRPO across different model sizes?
RQS5: How sensitive is LESS to the minimum
segment-length 1, and how does varying p affect
the stability and final accuracy of reinforcement-
learning-based reasoning?

4.1 Experimental Setup

Datasets and evaluation metrics. Follow-
ing (Shen, 2025), we train the models on the MATH
dataset (Hendrycks et al., 2021), which contains
7,500 problems spanning algebra, geometry, count-
ing, probability, number theory, and other areas.
The dataset is widely adopted in LLM reasoning
research due to its breadth and the step-wise rea-
soning it elicits, making it particularly suitable for
entropy-based structure analysis.

In terms of the evaluation, we assess the
trained models on a suite of standard mathemat-
ical reasoning benchmarks: MATHS500 (Hendrycks
et al., 2021), Minerva Math (Lewkowycz
et al., 2022), OlympiadBench (He et al., 2024),
AMC23 (Ouyang et al., 2022), AIME’24, and
AIME’25 (LI et al., 2024). These datasets col-
lectively cover varying difficulty levels and reason-
ing types, allowing us to examine whether LESS
consistently improves reasoning stability. For all
benchmarks except AIME, we report accuracy un-
der greedy decoding, which is commonly used in
math reasoning evaluation. For AIME’24/25, we
follow prior works(Yu et al., 2025; Zheng et al.,
2025; Yue et al., 2025) and compute the avg@32
accuracy by averaging predictions over 32 sampled
rollouts. This protocol reduces the variance intro-
duced by integer-answer formats and ensures fair
comparison across RL-trained models.

Backbone LLM and baselines. We evaluate
LESS on three Qwen2.5 family: Qwen2.5-Math-
1.5B, Qwen2.5-Math-7B, and the general-purpose
Qwen2.5-7B model (Qwen et al., 2024). These
models allow us to test LESS across (i) different
parameter scales and (ii) models with and without
domain-specific pretraining.

We compare LESS against strong RLVR systems
including: GRPO (Shao et al., 2024), the canonical
multi-sample policy-gradient method and the un-
derlying backbone of many reasoning RL pipelines;
Forking Tokens (Wang et al., 2025), an approach
that identifies repeated reasoning fragments to ad-
just token-level credit assignment. KL-Cov (Cui
et al., 2025), an entropy-based mechanism that
modulates KL penalties using covariance between
reward and token log-probs. These baselines repre-
sent the closest lines of work involving token-level
structure, multi-sample variance reduction, and
entropy-informed regularization, making them the
most relevant comparisons for evaluating LESS.

Implementation details. We provide compre-
hensive implementation details in Appendix A.3.
Our code is available at https://github.com/
QWE-CXZ/LESS.

4.2 Overall Performance

To answer RQ1, we conduct experiments on seven
reasoning benchmarks across three Qwen2.5 back-
bones. Table 1 shows that LESS consistently out-
performs all RL baselines on every backbone. On
the math-specialized 1.5B model, LESS (GRPO)
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Table 1: Overall performance on mathematical reasoning benchmarks. AIME24/25 are evaluated with avg@32;
other benchmarks use @avgl. Bold numbers are the best in each column. ‘f’ indicates the model significantly
outperforms all baseline models with paired t-tests at p < 0.05 level.

Method AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Avg
Qwen2.5-Math-1.5B
Base LLM 6.2 3.8 375 58.6 15.8 26.5 24.7
Forking Tokens ~ 21.6 7.0 60.0 75.6 29.0 38.5 38.6
KL-Cov 22.0 9.2 57.5 75.8 27.9 38.4 38.4
"GRPO 216 6.6 ~ 575 748 272 396 378
LESS (GRPO)  26.21 12.4 62.5" 75.2 30.8" 39.6 4111
Qwen2.5-Math-7B
Base LLM 6.0 8.9 57.5 58.6 28.7 38.0 32.9
Forking Tokens 36.6 14.2 67.5 78.2 37.8 42.2 46.0
KL-Cov 352 141 700 786 382 437 466
GSPO 36.8 32 70.0 798 36.7 427 46.5
LESS(GSPO) _ 400" 136 675 796 _ 373 443 470
GRPO 333 33 65.0 798 38.6 449 45.9
LESS (GRPO) 36.0 15.6" 70.0 81.6" 37.8 457t 47171
Qwen2.5-7B
Base LLM 3.2 5.2 37.5 53.4 18.0 23.9 23.5
Forking Tokens 20.2 12.3 62.5 77.8 37.5 40.6 41.8
KL-Cov 187 108 600 770 379 408 409
GSPO 183 12 62.5 784 36.3 40.2 41.1
LESS (GSPO) 19.2 11.6 62.5 77.8 37.8 418" 418
"GRPO 189 119 ~ 600 768 37.1 409 = 409
LESS (GRPO)  20.51 13.11 67.51 78.6 37.1 40.8 4291

Qwen2.5-Math-1.58

Qwen2.5-Math-78

50
Training Steps

(a) Qwen2.5-Math-1.5B

50
Training Steps

(b) Qwen2.5-Math-7B

0
Training Steps.

(c) Qwen2.5-7B

Figure 2: Training dynamics (accuracy over training) of GRPO and LESS across three backbones.

attains the highest average score, with clear gains
on challenging tasks such as AIME24, AIME?2S,
and AMC23, indicating that entropy-aware ad-
vantage shaping improves reliability over token-
level clipping and forking-based updates. For the
stronger 7B math model, LESS (GRPO) further
raises the average to 47.7, with the largest mar-
gins on MATHS500 and OlympiadBench, suggest-
ing that the method strengthens multi-step rea-
soning structure rather than only local symbolic
steps. On the 7B base model without math spe-
cialization, LESS (GRPO) still brings consistent
gains, showing that the approach generalizes be-
yond math-aligned checkpoints. When instantiated
with GSPO, LESS also yields improvements over
vanilla GSPO across two 7B backbones, supporting

its role as a generic credit-shaping module. Over-
all, LESS delivers the best average performance in
every setting, improving both easy and hard rea-
soning benchmarks. Unless otherwise stated, all
detailed analyses in the following section use the
GRPO-based instantiation of LESS.

4.3 Training Dynamics Analysis

To answer RQ2, we examine LESS and GRPO on
how accuracy and entropy-based structure evolve
throughout training. As shown in Fig. 2, across
all three backbones, LESS exhibits a characteris-
tic two-phase learning pattern. In the early stage,
LESS improves slightly slower than GRPO because
its advantage shaping reduces the update magni-
tude on low-entropy segments until the model ac-
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Qwen2.5-Math-7B

Overlap Ratio

Table 2: Worst-case reasoning performance (worst@F)
across three backbones. For each prompt, the worst-
performing sample among k rollouts is selected and
averaged over the dataset. LESS consistently improves
worst-case accuracy across all settings.

Ratio

\ Method worst@32 worst@16 worst@8
‘ Owen2.5-Math-1.5b
’ * i tops o = GRPO 6.8 8.0 10.8
LESS(GRPO) 129 15.6 18.2
Qwen2.5-Math-7B Qwen2.5—Math-7b
GRPO 134 17.4 20.6
LESS(GRPO) 21.2 22.2 24.3
Owen2.5-7B
GRPO 10.3 11.3 12.9
LESS(GRPO) 11.1 12.0 134

N

i ¥ A //\ il
AVVE

\g'ti. v_.aﬁ"ai _/i‘!».’- "‘.’i’.\'{'

50 100 150 200 250
Training Steps

Figure 3: Training-dynamics comparison between
LESS and GRPO on Qwen2.5-Math-7B. Top: Ratio of
low-entropy segments that overlap exclusively among
correct responses (higher is better). Bottom: Ratio be-
tween the entropy of incorrect responses and correct re-
sponses (higher indicates that incorrect answers remain
exploratory). LESS consistently strengthens productive
low-entropy structures while preventing premature en-
tropy collapse in incorrect trajectories.

cumulates enough evidence to distinguish produc-
tive from unproductive ones. However, as training
progresses, LESS consistently surpasses GRPO
and maintains a higher accuracy plateau, indicating
more stable policy improvement.

To answer RQ3, we analyze how the overlap of
correct low-entropy segments and the entropy struc-
ture of incorrect responses evolve during reinforce-
ment learning. Fig. 3 reports training dynamics
on Qwen2.5-Math-7B; similar trends on Qwen2.5-
Math-1.5B and Qwen2.5-7B are presented in Ap-
pendix A.4.

The top row of Fig. 3 shows that LESS consis-
tently yields a higher overlap ratio of correct-only
low-entropy segments as training progresses. This
indicates that LESS explicitly amplifies structurally
productive reasoning patterns that appear repeat-
edly in correct trajectories. In contrast, GRPO
shows a flatter trend, suggesting that it does not
reliably consolidate these stable reasoning com-
ponents. The clearer upward trajectory of LESS
reveals that the model is progressively internaliz-

The standard deviation of the scores of 32 responses(std@32)

== GRPO

= LESS
0175

0.150

0125

std

0.100

0075
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0025
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Qwen2.5-Math-1.58

Quen2.5-Math-78
Models

Figure 4: Standard deviation of 32 sampled responses
(std@32). LESS reduces response-level variability
across all backbones, indicating more stable and less
volatile reasoning behavior compared with GRPO.

ing reusable, high-quality reasoning routines rather
than relying on isolated or brittle solution paths.

The bottom row of Fig. 3 further shows that
LESS maintains a higher entropy ratio between
incorrect and correct responses, meaning that incor-
rect trajectories remain more uncertain. This sepa-
ration is desirable, that is, LESS avoids prematurely
stabilizing low-entropy segments that consistently
lead to wrong answers, thereby reducing the risk
of “locking in” systematic errors. GRPO, however,
frequently collapses the entropy gap, causing incor-
rect responses to become low-entropy as well—an
indication that harmful patterns are becoming en-
trenched in the policy.

These results show that LESS not only improves
performance, but also progressively increases the
overlap of correct low-entropy segments while
keeping incorrect trajectories uncertain, creating a
clear structural separation between productive and
unproductive reasoning.
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Figure 5: Effect of the low-entropy segment length
threshold ;» = {3, 5, 7} on training dynamics. We report
accuracy over training steps.

4.4 Robustness Under Worst-Case Sampling

To answer RQ4 and examine the robustness of the
learned policy, we employ the worst@k metric,
which selects the lowest-scoring output among k
sampled responses and averages this worst-case
score across prompts. This metric directly mea-
sures how the model behaves in its most vulnerable
failure modes.

As shown in Table. 2, across all three backbones,
LESS consistently improves worst-case accuracy.
For Qwen2.5-Math-1.5B and Qwen2.5-Math-7B,
LESS achieves substantial gains, raising worst@32
by +6.1 and +7.8 points respectively, with positive
margins maintained as k£ decreases. This pattern
shows that LESS not only lifts average performance
but also strengthens the weakest trajectories, sup-
pressing brittle low-entropy patterns that GRPO
tends to reinforce. Even on the non-math Qwen2.5-
7B model, LESS produces steady improvements,
indicating that its robustness effects generalize be-
yond specialized mathematical checkpoints.

The variance results shown in Fig. 4 further rein-
force this finding: LESS consistently reduces the
standard deviation of sampled rollouts (std@32),
yielding more stable and predictable reasoning
behavior. Together, the worst@k and variance
metrics demonstrate that LESS raises the floor of
model performance while simultaneously mitigat-
ing response-level volatility.

These results show that LESS meaningfully im-
proves robustness by raising the floor of model per-
formance while simultaneously reducing instability
across sampled rollouts.

4.5 Impact of the Segment Length

To answer RQS, we study the sensitivity of LESS
to the minimum segment-length threshold p, we
vary p € {3,5,7} and track training dynamics on

Qwen2.5-Math-7B. As shown in Figure 5, p = 5
produces the most stable and highest final accuracy
across the entire training trajectory. A very small
threshold (1 = 3) makes the model overly sensitive
to short, noisy low-entropy fragments, causing the
policy to reinforce many spurious local patterns and
resulting in pronounced fluctuations. Conversely,
a larger threshold (1 = 7) filters out too many
low-entropy segments, delaying the discovery of
reliable reasoning motifs and slowing convergence.

The superior performance of © = 5 suggests that
effective low-entropy guidance requires a balance:
segments must be long enough to encode meaning-
ful reasoning structure, yet short enough to capture
fine-grained patterns that recur across correct tra-
jectories. This indicates that LESS benefits from
moderately sized structural units and is robust to
reasonable choices of i, but extremely small or
large thresholds degrade the quality of structural
signals made available to the policy.

5 Related Work

Token credit assignment. Vassoyan et al.
(2025) identify critical tokens in chain-of-thought
solutions— decision points where the model is likely
to fail, and increase exploration around these to-
kens by adjusting the KL penalty. Lin et al. (2024)
likewise locate tokens that strongly influence incor-
rect outcomes and show that editing or replacing
these tokens can change the final decision. Other
work (Chan et al., 2024; Xie et al., 2025; Guo
et al., 2025; Wei et al., 2025a) addresses the coarse-
grained nature of standard RL feedback by con-
structing dense, token-level rewards to resolve the
credit assignment problem. These methods demon-
strate that tokens within a trajectory should not be
treated uniformly, but they still operate on local
positions and do not capture how stable patterns re-
peat across multiple rollouts of the same question.

Entropy-based RL signals. Wang et al. (2025)
split trajectories at high-entropy tokens and update
only a subset of tokens, aiming to reduce over-
optimization on already confident regions. Cui et al.
(2025) further modulate the KL penalty based on
token-level uncertainty, encouraging updates where
the model is less certain and damping updates on
low-entropy tokens. In these approaches, high-
entropy tokens serve as a proxy for exploration,
while low-entropy regions are treated as parts of
the trajectory that should be protected from change.
However, they do not distinguish low-entropy pat-
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terns that are consistently correct from those that
encode repeated mistakes.

6 Conclusion

This paper presents a new perspective on training
reasoning LLMs: reasoning should be guided at
the level of low-entropy segments. Building on
this insight, we propose LESS, a plug-and-play
advantage-shaping framework that selectively am-
plifies reliable low-entropy reasoning segments
and suppresses error-prone ones. Instantiated with
GRPO and GSPO, LESS improves accuracy, stabil-
ity, and robustness across multiple backbones and
benchmarks. The framework consistently strength-
ens correct reasoning routines, preserves explo-
ration on incorrect trajectories, and raises the worst-
case performance of sampled rollouts. These re-
sults show that low-entropy structural signals offer
a principled and effective handle for guiding RL
training of reasoning models.

7 Limitations

We believe there is still room for improvement in
our work. Our preliminary analysis and all main
experiments are conducted on the Qwen2.5 family.
We do not test LESS on other backbones such as
Llama, so it is unclear whether the same entropy
patterns and gains will hold more broadly. In ad-
dition, following Wang et al. (2025), we fix the
entropy quantile and length threshold to extract
low-entropy segments. We do not yet study how
different quantiles, adaptive thresholds, or alterna-
tive segmentation rules would affect the learned
segments and the final performance.
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A Appendix
A.1 Algorithm and Time Complexity Analysis

Algorithm 1 LESS: Low-Entropy Segment Shap-
ing

1: Input:
2:  Group of responses G = {O1,...,0¢}, to-
ken advantages A = {A; | tj € O;,0 =

1,...,G}, token entropies H = {H |
tj € 04,1 = 1,...,G}, correctness labels
{correcty, ..., corrects}, entropy quantile h,

minimum segment length .

3: Output: Shaped advantages A" = {Az | t; €
O;,i=1,...,G}

4 N, <« > .Icorrect; = 1];
> Icorrect; = 0]

5: for each response O; do

Ny <+

Compute entropy threshold 7; from
{H}}t,e0, using quantile h
7 Segment O; into S;“gh, Sifrag, S:eg using 7;

and p (Eq. (2))
8: end for
9: 3 < @ {set of unique low-entropy segments}

10: for each response O; do
11:  forallo € S;* do

12: if no o’ € ¥ is a contiguous segments of
o then

13: Y+ Xu{c}

14: Remove from X any o’ that is strictly

contained in o

15: end if

16:  end for

17: end for

18: forall o € ¥ do

19:  Compute n,(c) and n,(c) according to
Eq. (3)

20: end for

21: for each response O; do

22:  for each token t; € O; do

23: Set A; according to Eq. (5)
24:  end for
25: end for

. I — (A
26: return A’ = {A}}

The overall LESS procedure is summarized in
Algorithm 1. Given a group of responses and their
token-level entropies, we first compute an entropy
threshold for each response and segment it into
high-entropy tokens, short low-entropy fragments,

Table 3: Prompt template used for all experiments.
{question} is replaced by the problem description.

Prompt Template

<|]im start|>system

Please reason step by step, and put your final
answer within \boxed{}.

<|im end|>

<|im start|>user

{question}

<|im end|>

<|im start]|>assistant

and longer low-entropy segments (Eq. (2)). We
then build a set ¥ of non-redundant low-entropy
segments across the group by keeping only seg-
ments that are not strictly contained in longer ones.
For each segment o € 3, we count how many cor-
rect and incorrect responses it appears in (Eq. (3)),
and finally assign a shaped advantage to every to-
ken based on its entropy category and the statistics
of the segment it belongs to (Eq. (5)). The resulting
token-level advantages A’ can be plugged into any
group-based RLVR update.

In terms of complexity, when the batch size is
B, the group size is (¢, and the maximum response
length is L, the segmentation and shaping opera-
tions visit each token a constant number of times,
giving a practical time complexity of O(BGL).
Under our main setting (batch size 512, group size
8, average response length about 800), LESS adds
roughly 60 seconds of overhead in our implemen-
tation, which is small compared to the overall RL
training time.

A.2 Prompt Template

We use a unified prompt template for all training
and evaluation experiments, adapted from the offi-
cial Qwen-Math template (Yang et al., 2024). The
concrete format is shown in Table 3.

A.3 Implementation Details

We conduct experiments using the VeRL (Sheng
et al., 2024) framework for reinforcement learn-
ing with LLMs on 8 NVIDIA A100-40G GPUs.
The training setup includes a batch size of 512, a
learning rate of 1 x 1079, and a clip range between
0.2 and 0.28. Each response sequence is up to 3k
tokens in length. The mini-batch size is set to 32.
The temperature is 1.0 for training and 0.1 for eval-
uation. Following prior RLVR work (Liu et al.,
2025; Yang et al., 2025), we perform 8 rollouts
per promp and do not use entropy regularization or
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Figure 6: Training-dynamics comparison between LESS and GRPO across two model sizes. Top: Ratio of low-
entropy segments that overlap exclusively among correct responses (higher is better). Bottom: Ratio between the
entropy of incorrect responses and correct responses (higher indicates that incorrect answers remain exploratory).

KL penalties during training (KL coefficient = 0O,
entropy loss = 0), allowing us to isolate the effect
of LESS from other types of regularization. This
choice also reveals whether LESS alone can stabi-
lize reasoning trajectories without relying on heavy
KL anchoring. To address temporal variability in
training and ensure unbiased method comparisons,
we use a uniform checkpoint selection protocol for
all experiments. Checkpoints are saved every 20
training steps, and the best-performing checkpoint
on a fixed, held-out validation set is selected for fi-
nal evaluation. We use a unified prompt format for
all experiments, and the exact template is provided
in Appendix A.2.

A.4 Additional Training Dynamics Analysis

Fig. 6 presents the same training-dynamics analysis
for Qwen2.5-Math-1.5B and Qwen2.5-7B. Across
both backbones, LESS consistently increases the
overlap of correct-only low-entropy segments dur-
ing training and maintains a higher entropy ratio
between incorrect and correct responses. These
trends mirror the behavior observed on Qwen2.5-
Math-7B, indicating that the structural effects of
LESS are stable across model scales and are not
specific to a single backbone.

A.5 Additional Overlap-Accuracy Curves

To check whether the correlation between low-
entropy overlap and accuracy holds beyond
Qwen2.5-Math-7B, we repeat the analysis in § 2
on Qwen2.5-Math-1.5B and Qwen2.5-7B. Figure 7
shows that, under GRPO training, the overlap ra-
tio of low-entropy segments in correct responses
grows together with accuracy for both backbones.
Early in training, both curves are low and noisy; as
learning proceeds, the overlap becomes higher and
smoother while accuracy also rises. These results
support our claim that low-entropy segment overlap
tracks the formation of stable reasoning routines
across different model sizes and pretraining setups.

A.6 Additional Accuracy-Overlap
Correlations

In § 2, we report that, for Qwen2.5-Math-7B,
benchmark accuracy is strongly correlated with
the overlap of low-entropy segments across cor-
rect responses. To test the robustness of this phe-
nomenon, we repeat the correlation analysis on four
additional backbones: Qwen2.5-7B, DeepSeek-R1-
Distill-Llama-8B, DeepSeek-R1-Distill-Qwen-7B,
and Qwen2.5-Math-1.5B-Oat-Zero.
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Figure 7: GRPO training curves on two additional backbones. We plot the overlap ratio of low-entropy segments in
correct responses (left y-axis, blue) and accuracy (right y-axis, red) over training steps for (a) Qwen2.5-Math-1.5B
and (b) Qwen2.5-7B. In both models, low-entropy overlap and accuracy increase in tandem, echoing the trend

observed for Qwen2.5-Math-7B in the main text.

Figure 8 summarizes the results. For each back-
bone, we compute four overlap ratios at the bench-
mark level: (i) overlap among all responses, (ii)
overlap among correct responses only, (iii) over-
lap among segments shared by correct and incor-
rect responses, and (iv) overlap among incorrect
responses only. We then correlate each ratio with
benchmark accuracy.

Across all five backbones, we observe a con-
sistent pattern: overlap among correct responses
shows the strongest positive correlation with ac-
curacy, overlap among all responses and shared
segments yields weaker but still positive correla-
tions, and overlap among incorrect-only segments
is weakly correlated or even negatively correlated.
These additional results support our claim that sta-
ble low-entropy structure in correct trajectories is a
reliable indicator of reasoning quality, while over-
lap driven by incorrect trajectories does not trans-
late into better performance.
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Figure 8: Additional correlations between accuracy and low-entropy segment overlap across backbones. Panels
(a)—(e) report, for Qwen2.5-Math-7B, Qwen2.5-7B, DeepSeek-R1-Distill-Llama-8B, DeepSeek-R1-Distill-Qwen-
7B, and Qwen2.5-Math-1.5B-Oat-Zero, the Pearson correlations between benchmark accuracy and four overlap
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responses. Each point is a benchmark; the red line and shaded area show the fitted regression and its confidence
band. Across models, accuracy is most strongly aligned with overlap among correct responses.
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