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Abstract

Large language models (LLMs) achieve strong
reasoning performance by allocating substan-
tial computation at inference time, often gener-
ating long and verbose reasoning traces. While
recent work on efficient reasoning reduces this
overhead through length-based rewards or prun-
ing, many approaches are post-trained under a
much shorter context window than base-model
training, a factor whose effect has not been
systematically isolated. We first show that
short-context post-training alone, using stan-
dard GRPO without any length-aware objective,
already induces substantial reasoning compres-
sion—but at the cost of increasingly unstable
training dynamics and accuracy degradation.
To address this, we propose Step-level Advan-
tage Selection (SAS), which operates at the
reasoning-step level and assigns a zero advan-
tage to low-confidence steps in correct rollouts
and to high-confidence steps in verifier-failed
rollouts, where failures often arise from trun-
cation or verifier issues rather than incorrect
reasoning. Across diverse mathematical and
general reasoning benchmarks, SAS reduces
average reasoning length by over 30% while im-
proving Pass@1 accuracy by 3.79 points over
the strongest length-aware baseline, yielding a
better accuracy—efficiency trade-off.!

1 Introduction

Large language models (LLMs) have demonstrated
strong reasoning capabilities across a wide range
of tasks, including mathematical problem solving,
logical reasoning, and code generation. Recent
progress has shown that allocating more computa-
tion at inference time—commonly referred to as
test-time scaling—can substantially improve rea-
soning performance by encouraging models to gen-
erate longer chain-of-thought traces or explore mul-
“Work done during internship at AMD.

'Our code is publicly available at https://github.com/
HanNight/SAS
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Figure 1: Rollout-level versus step-level advantage se-
lection. Standard GRPO propagates rewards uniformly
based on the final verifier outcome: under group-relative
normalization, all steps in correct rollouts receive posi-
tive advantages and all steps in verifier-failed rollouts
receive negative advantages, suppressing useful interme-
diate reasoning in failed rollouts and over-updating re-
dundant steps in correct rollouts. In contrast, Step-level
Advantage Selection (SAS) assigns a zero advantage
to low-confidence steps in correct rollouts (below their
positive peers) and to high-confidence steps in verifier-
failed rollouts (above their negative peers), resulting in
more stable training and efficient reasoning compres-
sion under short context.

tiple reasoning paths (Wei et al., 2022; Kojima
et al., 2022; Wang et al., 2023; Yao et al., 2023).
However, these gains often come at a significant
computational cost, as models tend to produce ex-
cessively long and verbose reasoning even for rela-
tively simple problems, leading to increased infer-
ence latency and reduced practical efficiency (Chen
et al., 2025; Gema et al., 2025; Ghosal et al., 2025).
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To address this issue, a growing body of work
has focused on efficient reasoning, which aims to
reduce reasoning length while preserving task per-
formance. Many recent approaches adopt reinforce-
ment learning—based post-training strategies that
explicitly incorporate length-aware objectives, such
as token-budget constraints, length-aware rewards,
or pruning mechanisms (Aggarwal and Welleck,
2025; Wu et al., 2025a; Hou et al., 2025; Sui et al.,
2025). While effective, these approaches share a
critical, yet overlooked, training condition: they
typically conduct post-training within a substan-
tially restricted context window (e.g., 4K tokens), a
sharp departure from the expansive windows (e.g.,
16K-24K tokens) used during base model training.
This discrepancy raises a fundamental question: to
what extent does the observed reasoning compres-
sion stem from explicit length-aware objectives, as
opposed to being a natural consequence of short-
context post-training itself?

In this work, we systematically isolate this ef-
fect by training a long-context reasoning model
(Luo et al., 2025b; Guo et al., 2025) using pure
GRPO with short context, deliberately excluding
any length-aware rewards or pruning techniques.
Our findings reveal that short-context post-training
alone serves as a strong and sufficient compres-
sion signal, achieving reductions in output length
comparable to state-of-the-art efficient reasoning
methods—a critical variable previously conflated
with explicit length-control objectives. However,
this compression from short-context post-training
comes at a cost: as training progresses, task accu-
racy fluctuates and degrades, and exploration col-
lapses into brittle policy updates. We hypothesize
that this instability stems from truncation within
the restricted context window: truncated rollouts re-
ceive zero reward despite often containing correct
intermediate reasoning, thereby implicitly penaliz-
ing correct steps, leading to unstable behavior and
degraded task performance. Short-context post-
training alone is therefore effective at compression
but insufficient for stable, efficient reasoning.

To resolve this tension between aggressive rea-
soning compression and stable performance preser-
vation, we introduce Step-level Advantage Selec-
tion (SAS) (Figure 1), which treats reasoning as
a sequence of discrete, evaluable steps. As illus-
trated in Figure 1, rather than applying a uniform
advantage to an entire trace, our method operates
at the reasoning-step level to selectively filter out
unreliable steps. Specifically, we assign a zero

advantage to low-confidence reasoning steps in
correct rollouts, and to high-confidence intermedi-
ate steps within verifier-failed rollouts—which may
fail due to truncation under short context or ver-
ifier issues rather than incorrect reasoning. Un-
der GRPO’s group-relative advantage normaliza-
tion, assigning zero advantages has asymmetric
effects: it sits below the positive advantages of
peers in correct rollouts (suppressing unreliable
steps) and above the negative advantages of peers in
verifier-failed rollouts (shielding reliable steps from
penalization). By focusing the optimization sig-
nal on complete, high-confidence reasoning steps,
SAS mitigates noisy updates and preserves perfor-
mance during aggressive reasoning compression
under short context. We evaluate SAS on a di-
verse set of mathematical and general reasoning
benchmarks. Experimental results demonstrate
that SAS consistently achieves a superior accu-
racy—efficiency trade-off compared to existing base-
lines. Specifically, relative to the base DeepScaleR-
1.5B-Preview model, our method reduces the av-
erage output length by over 30% while simultane-
ously improving average Pass@1 accuracy by 1.51
points. Compared to length-aware baselines such
as LAPO and ThinkPrune, our approach achieves
higher accuracy while generating 15% fewer tokens
on average. These improvements are reflected in
the Accuracy-Efficiency Score, where our method
exceeds all baselines by a clear margin, with an
absolute gain of over 0.13 AES compared to the
strongest competing approaches.

2 Methodology

2.1 Preliminary: RL with Length-Aware
Reward Design

Recent work on efficient reasoning commonly
adopts reinforcement learning (RL) to explicitly
control the length of model-generated reasoning.
In this setting, a pretrained language model is fur-
ther optimized using policy optimization, where
the training objective combines task-level rewards
with regularization terms that constrain deviations
from a reference policy. A widely used framework
is Group Relative Policy Optimization (GRPO),
which optimizes the policy based on relative ad-
vantages computed within groups of sampled re-
sponses.

Formally, for each prompt  ~ D, GRPO sam-
ples a group of G rollouts {y;}&, from the current
policy my and computes a group-relative advantage
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Figure 2: Training dynamics of average output length and accuracy across six reasoning datasets under short-context
(4K) post-training. Note that the dashed horizontal lines just indicate the performance of these baselines and do not

represent their training trajectories.

for each rollout by normalizing its reward against
the group’s reward statistics:

. r(x,yi) — mean({r(:c,yj)}le)
Ais = std({r(z,y;)}5,) -0

which is shared across all tokens ¢ € {1,..., |y;|}
within the same rollout (i.e., flm = A;) under
the outcome-based reward r(x, y;) € {0,1}. The
policy is then optimized with a PPO-style clipped
surrogate over these advantages, regularized by
a KL penalty against a fixed reference policy Tef.
Crucially, this group-relative normalization ensures
that correct rollouts (reward = 1) receive positive
advantages and verifier-failed rollouts (reward = 0)
receive negative advantages.

To encourage concise reasoning, many prior
methods incorporate length-aware reward design
into the RL framework. A generic form of such
rewards can be written as:

T(xhy) :Ttask(x,y) _)‘g(|y’)7 (2)

where 75k (2, y) measures task correctness, |y| de-
notes the output length, and g(-) is a monotonic
function that penalizes longer reasoning traces. Dif-
ferent methods instantiate g(-) using target lengths,
token budgets, or length-dependent penalties, and
integrate this reward into the advantage estimation
during policy optimization. Empirically, these ap-
proaches show that reasoning length can be directly
influenced through RL-based post-training.
However, several empirical observations com-
plicate this formulation. First, prior work reports
that output length often exhibits non-monotonic be-
havior during RL training, where reasoning length
initially increases before decreasing later. Second,

most length-control methods perform post-training
using a substantially shorter context window (e.g.,
4K tokens) compared to the long context used dur-
ing base-model training (e.g., 16—32K). This con-
text mismatch suggests that models trained under
shorter contexts may naturally prefer shorter out-
puts, independent of the specific length-aware re-
ward design. Together, these factors make it un-
clear to what extent reasoning compression should
be attributed to explicit length rewards versus train-
ing dynamics and context length.

2.2 Short-Context Post-Training

To isolate the influence of training context length
from explicit length-aware reward design, we con-
duct a controlled study using pure GRPO without
any length-dependent reward or constraint. Starting
from a reasoning-capable base model pretrained
with a long context window, we perform GRPO-
based post-training using a fixed 4k context win-
dow, which matches the post-training setup com-
monly adopted in prior efficient reasoning work.
Importantly, our reward function is based solely
on task correctness, introducing no explicit signal
regarding output length.

Despite the absence of length-aware objectives,
short-context post-training alone induces a substan-
tial reduction in reasoning length. As shown in Fig-
ure 2a, the average output length decreases sharply
during the early stages of training and continues
to decline steadily thereafter, eventually reaching
a level comparable to or even shorter than existing
efficient reasoning baselines such as LAPO and
ThinkPrune. At the same time, the trained policy
achieves task accuracy that is initially comparable
to these methods, as shown in Figure 2b. These re-
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sults indicate that short-context post-training itself
provides a strong and previously underexamined
compression signal, independent of explicit length-
control mechanisms.

However, a closer inspection of the training dy-
namics reveals important limitations. While the
reasoning length continues to decrease through-
out training, task accuracy becomes increasingly
volatile, characterized by noticeable fluctuations
and a gradual performance decay in later training
stages (Figure 2b). We hypothesize that this insta-
bility is tightly coupled to how the short context
window interacts with rollout-level credit assign-
ment: when rollouts are truncated before reaching
the final answer, the verifier assigns zero reward to
traces that may contain largely correct intermediate
reasoning, producing noisy and misaligned advan-
tage signals. To quantify how often this occurs, we
take 8K-length rollouts from the base model, trun-
cate them to 4K tokens, and re-run the same rule-
based verifier. Approximately 29% of originally
correct responses become verifier-failed after trun-
cation, with the large majority losing only the final
boxed answer or the closing steps of an otherwise
correct derivation. This indicates that a substantial
fraction of zero-reward rollouts under short-context
training are not logically flawed but merely incom-
plete, and that pure GRPO systematically penalizes
their intermediate reasoning — a plausible driver
of the observed accuracy degradation.

Taken together, these observations highlight a
fundamental tension between reasoning compres-
sion and performance stability: short-context post-
training is effective at reducing output length, but
the very mechanism that produces this compres-
sion (truncation) also injects noisy credit into stan-
dard RL updates. This motivates a training strat-
egy that retains the compression benefits of short-
context post-training while explicitly correcting for
truncation-induced credit misassignment — which
we develop next.

2.3 Step-level Advantage Selection (SAS)

Motivated by the training instability observed dur-
ing the short-context post-training (Section 2.2),
we propose Step-level Advantage Selection (SAS).
The method stabilizes the learning process by se-
lectively modulating the influence of individual
reasoning steps on policy updates, without requir-
ing explicit length-aware rewards or architectural
changes. SAS operates directly at the advantage
level, ensuring that only reliable reasoning steps

contribute to the optimization signal.

Mask Advantages in Correct Rollouts. Even
when a rollout is verified as correct (reward = 1),
the reasoning trace may contain redundant or low-
confidence steps (e.g., self-doubt detours, repetitive
verification) that are weakly related to the outcome.
Reinforcing these steps can introduce noisy updates
and exacerbate policy drift during training.

For each correct rollout y;, we partition the gen-
erated reasoning trace into a sequence of reasoning
steps {s; }é-V:l, where steps are defined as contigu-
ous text segments separated by double newline de-
limiters (\n\n)?. For each step 5j, we compute a
step-level confidence score based on the model’s
token-level log probabilities. Let 7; denote the
set of token positions belonging to step s;. The
confidence score is defined as:

1
== > logm(yr | 7,9<r), ()
1751
TET;
where 7y denotes the current policy.

Given the confidence scores {c;}, we sort the
reasoning steps in ascending order of confidence
and select a ratio » € (0,1) of the lowest-
confidence steps. For all token positions belonging
to these steps, we set their advantages to zero:

_ 0,
Ai,T = {Ai’ﬂ

where Am is the original GRPO advantage from
Eq. 1, and Sgask denotes the subset of low-
confidence steps selected from a verifier-approved
rollout. This operation suppresses the contribu-
tion of unreliable reasoning steps while preserving
learning signals from more reliable ones: the ze-
roed advantages lie strictly below the positive ad-
vantages retained by the remaining high-confidence
steps in the same rollout.

if 7€ 7T, fors; € S;ask, @
otherwise,

Shielding Signals in Incorrect Rollouts. We fur-
ther extend this idea to rollouts that fail the rule-
based verification (reward = 0). A key observa-
tion in short-context training is that many “incor-
rect” rollouts are not inherently flawed in logic;
rather, they are naturally truncated “correct” traces
where the model ran out of context before reach-
ing the final answer (Section 2.2). These traces
often contain high-quality intermediate reasoning

2See Appendix B for a detailed justification and discussion
of using \n\n as the step delimiter.
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AIME24 AIME25 MATH AMC OlympiadBench Average

Pass@1 #Tok Pass@1 #Tok Pass@l #Tok Pass@1 #Tok Pass@l #Tok Pass@1 #Tok AES
DeepScaleR 3375 6755 26.88 6444 86.36 2809 67.62 4761 4723 4824 52.37 5118 0.00
GRPO-4K 38.75 5282 2542 4812 85.09 1976 71.69 3395 47.09 3411 53.61 3775 0.33
L1-Max 25.63 2158 21.67 2032 83.60 1480 64.61 1768  44.69 1703 48.04 1828 0.23
LAPO-I 3458 5627 2792 5290 86.04 2220 69.73 3765 48.18 3735 53.29 4127 0.25
ThinkPrune-4k  36.04 5468 26.67 5177 86.23 2090 70.18 3636 47.62 3651 53.35 4004 0.27
SAS (ours) 39.79 4876 26.67 4295 86.58 1768 7146 3090 48.19 3008 54.54 3407 0.46

Table 1: Comparison of methods across five math reasoning benchmarks.

SAS achieves a superior accu-

racy—efficiency trade-off, reducing reasoning length while maintaining or improving accuracy over strong baselines.

GPQA-Diamond LSAT MMLU Average

Pass@1 #Tok  Pass@1 #Tok Pass@l #Tok Pass@1 #Tok AES
DeepScaleR 35.70 4860 28.64 6934 47.99 1454 37.44 4416  0.00
GRPO-4K 32.48 1515 28.45 5025 48.73 950 36.55 2496  0.32
L1-Max 36.05 3878 26.66 1949 48.94 900 37.22 2242 0.46
LAPO-I 36.17 3404 28.42 5382 48.71 1207 37.77 3331 0.27
ThinkPrune-4k 35.83 3278 28.13 5131 48.91 973 37.62 3127  0.31
SAS (ours) 37.18 2998 28.32 4312 49.39 876 38.30 2729 045

Table 2: Performance comparison of methods on three out-of-domain general reasoning benchmarks. SAS
consistently improves Pass@1 accuracy while substantially reducing reasoning length, resulting in a strong and
competitive accuracy—efficiency trade-off under short-context post-training.

steps that are identical to those found in success-
ful solutions. Rather than discarding these traces
entirely—which would propagate unwarranted neg-
ative credit through all of their steps—we shield
their reliable segments from penalization.

For each verifier-rejected rollout, we again com-
pute step-level confidence scores {c;} and sort the
steps in descending order of confidence. We then
select a ratio r of the highest-confidence steps and
set their advantages to zero:

A — 07 mask’ (5)

~
Ai,T?

if 7€ 7Tjfors; €
otherwise,

where S_ , denotes the subset of high-confidence
steps selected from a verifier-rejected rollout. The
remaining steps retain their original negative ad-
vantages, so the zeroed steps sit strictly above them,
protecting reliable intermediate reasoning from un-
due penalization. At the same time, zero lies at or
below the positive advantages retained by any step
in a correct rollout in the same group, so this shield-
ing never over-rewards steps from failed rollouts
relative to legitimately correct reasoning. The re-
sult is a denser but well-calibrated learning signal,
which is critical for maintaining accuracy during
aggressive reasoning compression.

Together, these two components form a reward-
conditioned, step-level advantage selection mech-
anism that reuses a single zero-valued operation.

Correct rollouts are prevented from reinforcing un-
reliable reasoning steps, while verifier-rejected roll-
outs are decomposed to shield useful intermedi-
ate reasoning from undue penalization. As shown
in our experiments, this symmetric treatment sta-
bilizes training and improves accuracy—efficiency
trade-offs under short-context post-training.

3 Experiments

3.1 Experimental Setup

Training Details We use DeepScaleR-Preview-
Dataset (Luo et al., 2025b) for training, which
includes approximately 40K mathematics
problem—answer pairs collected from AIME
(1984-2023), AMC (prior to 2023), Omni-MATH
(Gao et al., 2025), and Still (Min et al., 2024).
Our base model is DeepScaleR-1.5B-Preview
(Luo et al., 2025b), a 1.5B-parameter model
originally RL fine-tuned from DeepSeek-R1-
Distill-Qwen-1.5B (Guo et al., 2025) on the same
dataset using three training stages with increasing
context lengths (8K — 16K — 24K). For GRPO
training, we adopt the same hyperparameters as in
DeepScaleR-1.5B-Preview. In particular, we use a
learning rate of le-6 and a training batch size of
128. For our method, we set the hyperparameter
ratio 7 to 0.3. For a fair comparison, we set the
maximum context length as 4K tokens during
training. All experiments are conducted for 500
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training steps using the VeRL framework (Sheng
et al., 2025), with 8 rollouts sampled per prompt.
We use AIME24 as validation set to select the
checkpoint with the highest Accuracy—Efficiency
Score (AES). All experiments are conducted using
8 AMD MI250 with 64 GB memory.

Evaluation Details We evaluate on five different
math reasoning datasets: AIME2024, AIME2025,
AMC (MAA, 2024), MATH (Hendrycks et al.,
2021b), OlympiadBench (He et al., 2024). In ad-
dition, we include GPQA-Diamond (Rein et al.,
2024), LSAT (Zhong et al., 2024), MMLU
(Hendrycks et al., 2021a), three general reason-
ing benchmarks to test the ability to generalize to
out-of-domain data. For each problem, we sample
k = 16 responses with a temperature of 0.6, a top-p
of 0.95, and a maximum generation length of 8K
tokens. Following standard practices (Guo et al.,
2025), we report Pass@1 = %Zle p;, Where
p; € {0, 1} denotes the correctness of the i-th re-
sponse>. We also report the average number of
output tokens to measure reasoning length. Finally,
we compute the Accuracy-Efficiency Score (AES,
see details in Appendix A; Luo et al., 2025a) to
evaluate the trade-off between improving accuracy
and reducing computational cost.

Baselines We evaluate our method against the
following baselines, all of which are initialized
from DeepScaleR-1.5B-Preview post-trained using
a maximum context length of 4K tokens:

* GRPO-4K: trained with standard GRPO post-
training under a 4K training context window,
without any additional RL techniques.

* L1-Max (Aggarwal and Welleck, 2025):
trained with Length Controlled Policy Opti-
mization (LCPO) to generate outputs of vary-
ing lengths while respecting a specified maxi-
mum length constraint.

¢ ThinkPrune-4k (Hou et al., 2025): An
RL-based pruning method that iteratively en-
forces progressively stricter token limits to
remove redundant reasoning steps.

* LAPO-I (Wu et al., 2025a): A two-stage RL
approach that adaptively controls reasoning

3This is equivalent to generating k outputs with differ-
ent random seeds (one output per seed) and averaging their
correctness, which reduces evaluation variance compared to
relying on a single sampled output.

length by modeling and leveraging successful
solution length distributions.

3.2 Experimental Results

Table 1 presents the performance of SAS and base-
lines across five mathematical reasoning datasets.
Our method achieves the best accuracy—efficiency
trade-off, outperforming all baselines. Notably,
short-context post-training alone already induces
substantial reasoning compression: compared to
the base DeepScaleR-1.5B-Preview, GRPO-4K
substantially reduces the average output length
while slightly improving average Pass@1 accu-
racy, confirming that context length itself provides
a strong compression signal. However, this com-
pression comes with limited stability (as shown
in Figure 2). Among length-aware baselines, L1-
Max achieves the most aggressive compression but
at a significant cost to task accuracy. Conversely,
ThinkPrune and LAPO prioritize accuracy preser-
vation but achieve only moderate length reduction,
resulting in lower overall efficiency gains. In con-
trast, SAS consistently outperforms all the base-
lines, improving average Pass@ 1 accuracy by more
than 2 points over the base model while reducing
output length by approximately 1,700 tokens. This
dual improvement results in the highest AES of
0.46. Notably, our method maintains or exceeds the
accuracy of GRPO-4K across all math benchmarks
while generating shorter traces, demonstrating a
better accuracy—efficiency trade-off.

We extend our evaluation to three general reason-
ing benchmarks in Table 2. Although these tasks
typically require more concise reasoning traces, we
observe similar trends. Pure short-context post-
training (GRPO-4K) again leads to reduced out-
put length but degrades accuracy relative to the
base model, indicating over-compression. In con-
trast, our method preserves or improves accuracy
across all general reasoning datasets with substan-
tially shorter outputs, achieving the best overall
efficiency score among stable methods. These re-
sults demonstrate that the benefits of our approach
are not limited to mathematical reasoning, but ex-
tend to broader reasoning settings where control-
ling training stability is critical.

4 Analysis
4.1 Ablation Study

We evaluate the impact of our design choices on
five math reasoning datasets, as shown in Table 3.
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AIME24 AIME25 MATH AMC OlympiadBench Average

Pass@1 #Tok Pass@l #Tok Pass@1 #Tok Pass@1 #Tok Pass@l #Tok Pass@1 #Tok AES

DeepScaleR 3375 6755 26.88 6444 86.36 2809 67.62 4761 47.23 4824 52.37 5118 0.00
GRPO-4K 38.75 5282 2542 4812 85.09 1976 71.69 3395  47.09 3411 53.61 3775 033
SAS (ours) 39.79 4876 26.67 4295 86.58 1768 71.46 3090  48.19 3008 54.54 3407 0.46
- Only Correct 3646 4686  26.88 4294 86.18 1801  71.99 3082  47.99 2965 5390 3366 0.43
-Random Steps 3729 4892 2479 4461 86.10 1780 71.16 3086  47.51 3055 53.37 3455 0.38
- Token Level 36.25 4771  25.00 4295  86.11 1912 7236 3148 47.56 3071 5346 3439 0.39

Table 3: Experimental results for the ablation study.
Confidence-Aware Step Selection. Replacing

100 200 300 400 500
= Pure GRPO - 4K

= SAS (Both) = nl

Figure 3: Policy entropy throughout training. SAS main-
tains higher entropy compared to the rapid entropy col-
lapse observed in pure GRPO-4K, indicating more ro-
bust exploration.

Value of Verifier-Failed Rollouts. We first ex-
amine the necessity of leveraging verifier-failed
rollouts. Restricting SAS to only correct rollouts
(“Only Correct”) leads to a consistent drop in over-
all efficiency, reducing the average AES from 0.46
to 0.43 and increasing the average output length.
This suggests that shielding high-confidence inter-
mediate steps in verifier-failed rollouts from undue
penalization is critical for stabilizing the model
during aggressive compression: without this mech-
anism, truncation-induced verifier failures propa-
gate negative credit to reasoning that is actually
correct, destabilizing training. We further analyze
the training stability by monitoring the policy en-
tropy, as shown in Figure 3. While the entropy of
pure GRPO-4K (blue line) drops rapidly, signaling
a collapse in exploration and the adoption of brit-
tle, repetitive reasoning patterns, both SAS (Both)
and SAS (Only Correct) maintain a significantly
higher and more stable entropy level throughout
training. This suggests that by neutralizing noisy
advantage signals—rather than propagating them
through all steps of a rollout—SAS prevents the
model from converging prematurely to suboptimal
reasoning patterns, thereby preserving the diversity
and robustness of the reasoning process.

our confidence-based selection with random step
selection (“Random Steps”) results in a clear degra-
dation in efficiency (AES 0.38) and longer rea-
soning traces. This indicates that the gains of our
method do not arise merely from sparsifying the ad-
vantage signal, but critically depend on selectively
filtering low-confidence reasoning steps.

Step-Level vs. Token-Level Granularity. The
token-level variant (“Token Level”) underperforms
our step-level design, achieving lower average ac-
curacy and AES (0.39 vs. 0.46), while producing
longer outputs. This confirms that aggregating to-
kens into semantically meaningful reasoning steps
yields more stable and effective advantage selection
than fine-grained token-level selection.

Overall, these ablations demonstrate that all com-
ponents of our method—Ileveraging both correct
and incorrect rollouts, step-level granularity, and
confidence-based selection—jointly contribute to
the strongest accuracy—efficiency trade-off under
short-context post-training.

4.2 Effect of the Selection Ratio

We study the effect of the selection ratio 7 in Step-
level Advantage Selection (SAS), which controls
the fraction of reasoning steps selected for ad-
vantage assignment during training. We vary r
from 0.1 to 0.9 while keeping all other training
settings fixed, and compare against both the base
DeepScaleR-1.5B-Preview model and pure GRPO-
4K. As shown in Table 4, SAS consistently outper-
forms the base DeepScaleR-1.5B-Preview model
across all tested ratios, yielding higher accuracy
and substantially shorter reasoning traces. The
best overall performance is achieved at r = 0.3,
which attains the highest Pass@1 accuracy (54.54),
the strongest accuracy—efficiency trade-off (AES
= 0.46), and a large reduction in output length
compared to the base model. However, perfor-
mance differences across ratios are relatively small:
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Selection Ratio (r) Pass@1 #Tok AES
DeepScaleR 52.73 5118  0.00
GRPO-4K 53.61 3775 0.33

0.1 53.52 3259 043

0.3 54.54 3407 0.46

0.5 53.39 3407 0.39

0.7 53.22 3412 0.38

0.9 53.06 3482 0.36

Table 4: Average performance of SAS under different
selection ratio 7 on five math reasoning datasets.

even extreme values r = 0.9 remain competitive,
with AES scores above 0.36 and stable accuracy.
One possible explanation is that, even when most
steps are retained, SAS still induces a highly non-
uniform learning signal in which only a small sub-
set of informative reasoning steps meaningfully
influences policy updates. This aligns with recent
findings that reinforcement learning for LLM rea-
soning is primarily driven by a minority of high-
entropy or decision-critical steps, while most to-
kens in long reasoning traces are effectively re-
dundant from an optimization perspective (Wang
et al., 2025b). Overall, these results show that SAS
is practically robust and easy to deploy. While
moderate ratios offer the best accuracy—efficiency
trade-off, the method performs reliably across a
wide range of settings. This reinforces the central
conclusion that which reasoning steps are selected
is more important than how many, highlighting
step-level advantage selection as the key driver of
stable and effective reasoning compression.

4.3 Validating Step Confidence

A natural question is whether the policy’s own to-
ken log-probabilities faithfully reflect step quality.
To validate this, we sample 16 responses per ques-
tion on MATHS500 from DeepScaleR-1.5B-Preview
(8,000 responses total), segment each response into
reasoning steps using double newlines (\n\n), and
score every step independently with (i) the mean of
token-level log probabilities within that step, and
(i1) an external Process Reward Model, Qwen2.5-
Math-PRM-7B (Zhang et al., 2025). We then mea-
sure the ranking correlation between these two
scores using nDCG@k. The resulting correlation
is 0.9022, indicating strong agreement between our
confidence-based ranking and the PRM-based rank-
ing. This suggests that token-level log probabili-
ties provide a reliable signal for identifying high-
quality reasoning steps. Moreover, introducing a

PRM can lead to reward hacking (Gao et al., 2023)
and significantly increase computational overhead
during large-scale RL training (Guo et al., 2025). In
contrast, SAS does not rely on an auxiliary reward
model and leverages intrinsic confidence signals
already available from the policy, avoiding addi-
tional training complexity and cost. Taken together,
our empirical correlation analysis and the practical
considerations support the use of token-level log
probabilities as an effective and scalable proxy for
step-level confidence in SAS.

4.4 Computational Overhead of SAS

We measured the computational overhead of SAS
under the same training configuration (training
batch size = 128) as standard GRPO. In this set-
ting, the average training time per step is 279.08
seconds for standard GRPO and 327.15 seconds
for SAS. This corresponds to an approximately
17% increase in per-step wall-clock time. The ad-
ditional cost mainly comes from step segmentation
and step-level advantage computation, which intro-
duce lightweight post-processing over generated
tokens but do not require additional forward passes,
auxiliary models, or extra rollouts. Importantly,
SAS does not modify the model architecture or
the sampling procedure, and the memory footprint
remains unchanged. Given that SAS consistently
improves the accuracy—efficiency trade-off while
introducing only moderate computational overhead,
we believe this cost is practical and acceptable.

5 Related Work

Test-time Scaling in LLMs Test-time scaling
has been shown to improve the performance of
large language models on various complex reason-
ing tasks, such as mathematical problem-solving
and code generation (Wei et al., 2022; Kojima et al.,
2022; Wu et al., 2025b). Such performance gains
can often be achieved by allocating more inference-
time computation, either through generating longer
chain-of-thought reasoning traces (Madaan et al.,
2023) or by exploring a larger number of reasoning
paths (Wang et al., 2023; Yao et al., 2023; Wang
et al., 2024). More recently, reinforcement learn-
ing has been used to directly induce extended rea-
soning behaviors, producing models that generate
substantially longer and more elaborate reasoning
traces at inference time, such as OpenAl-ol (Jaech
et al., 2024) and DeepSeek-R1 (Guo et al., 2025).
While these approaches have demonstrated strong
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gains on challenging benchmarks, they often rely
on generating significantly longer reasoning traces,
which can be several times longer than those pro-
duced by short chain-of-thought models, leading to
increased inference cost and latency. Subsequent
analyses have found that such extended reason-
ing frequently contains redundant or unnecessary
steps, including excessive verification or repetition,
even on relatively simple problems, resulting in
an “overthinking” phenomenon that degrades effi-
ciency without proportional accuracy gains (Chen
et al., 2025; Ghosal et al., 2025; Gema et al., 2025).
As a result, despite their effectiveness, existing test-
time scaling methods generally lack precise and
dynamic control over the length of generated rea-
soning, motivating growing interest in approaches
that retain the benefits of increased inference-time
computation while enabling more efficient and con-
trollable reasoning.

Efficient Reasoning for LLMs Motivated by
the high computational cost and inefficiency intro-
duced by test-time scaling, a growing body of work
has focused on efficient reasoning, which aims to
reduce reasoning overhead while preserving task
performance. Rather than allocating additional
computation at inference time, these approaches
seek to shorten reasoning traces through training-
time optimization, reasoning structure compres-
sion, or inference control (Sui et al., 2025). A
prominent class of methods focuses on model-
based efficient reasoning, particularly through
leveraging traditional RL optimization techniques
combined with explicit length-aware reward to
control the length of CoT reasoning (Team et al.,
2025; Arora and Zanette, 2025). Representative
approaches include L1 (Aggarwal and Welleck,
2025), which introduces explicit length constraints
during policy optimization, length-adaptive pol-
icy optimization methods such as LAPO (Wu
et al., 2025a), and pruning-based strategies such
as ThinkPrune (Hou et al., 2025), which iteratively
remove redundant reasoning steps while maintain-
ing correctness. Despite their effectiveness, most
existing methods entangle explicit length-aware ob-
jectives with short-context post-training, making
it difficult to isolate the role of training context
and learning signal design. In contrast, our work
revisits efficient reasoning from the perspective
of credit assignment, showing that stable reason-
ing compression can be achieved without explicit
length rewards by selectively assigning advantages

at the level of reasoning steps.

Confidence-based and Entropy-based RL. A
parallel line of work leverages confidence or en-
tropy signals during RL: Prabhudesai et al. (2025)
replaces the verifier-based reward with a negative-
entropy reward to directly optimize for high-
confidence rollouts, while Wang et al. (2025b) up-
dates only the highest-entropy tokens and reports
longer resulting responses. SAS neither modifies
the reward nor introduces entropy regularization;
confidence serves only as a criterion for selecting
which steps receive a nonzero advantage. Further-
more, unlike Wang et al. (2025b), SAS filters low-
confidence steps to mitigate overthinking under
short-context post-training, rather than amplifying
high-entropy ones.

6 Discussion and Conclusion

We revisit efficient reasoning through the lens of
post-training context length and advantage selec-
tion. We show that short-context post-training
alone is sufficient to induce substantial reason-
ing compression in long-context reasoning mod-
els, but our analysis also reveals a previously over-
looked limitation of rollout-level reinforcement
learning: truncated or verifier-failed rollouts in-
troduce noisy and misaligned learning signals that
undermine training stability. These findings high-
light that reasoning efficiency is not only shaped by
reward design, but also by the granularity at which
credit is assigned within a rollout. To address this,
we propose Step-level Advantage Selection (SAS),
which refines advantage assignment through a sin-
gle zero-valued operation with asymmetric effects:
suppressing low-confidence steps in correct roll-
outs and shielding high-confidence intermediate
reasoning in verifier-failed rollouts from undue pe-
nalization. SAS stabilizes training and achieves
a stronger accuracy—efficiency trade-off than ex-
isting length-aware methods, demonstrating that
stable and effective reasoning compression can be
achieved with minimal modifications to standard
RL pipelines.

Limitations

Our proposed method Step-level Advantage Selec-
tion(SAS) demonstrates strong empirical results on
both in-domain and out-of-domain tasks. However,
our experiments focus on a single base model, and
it remains to be seen how well SAS generalizes
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to models with different sizes, pretraining or post-
training paradigms. In addition, all experiments are
conducted under a fixed short-context post-training
setting, and the behavior of SAS across varying
training context length has not been systematically
studied. Further, while our ablation results suggest
that the selective advantage strategy is broadly ef-
fective, we leave a deeper theoretical understanding
of advantage selection in reasoning language mod-
els to future work. We do not foresee any particular
risks associated with the application of our method.
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A Accuracy-Efficiency Score (AES)

The AES score (Luo et al., 2025a) compares a
tuned model against its corresponding base model
to measure the trade-off between accuracy and com-
putational efficiency. Let Ly,ge and L) denote
the output lengths, and Accpase and AcCpogel de-
note the accuracies of the base and tuned mod-

1 ] _ Lbase—Lmodel
els, respectively. Defining AL = =bse—modd and

base
AAcc = Amotl=Achuse the AES is calculated as:

AcCpase
AES — a-AL+ 8- AAcc, if AAcc>0
a- AL —v-|AAcc|, if AAcc <0

where a > 0, § > 0, and v > 0. Following
the original work, we set = 1, § = 3, and
v = 5, with v > [ to emphasize the penalization
of accuracy degradation.

B Step Segmentation

The use of double newlines (\n\n) for step segmen-
tation is grounded in the training data format of the
model family we use, rather than being an arbitrary
heuristic. From Qwen2.5-Math-1.5B to DeepSeek-
R1-Distill-Qwen-1.5B, the SFT stage uses approxi-
mately 800K examples (Guo et al., 2025), in which
individual reasoning steps are consistently sepa-
rated by \n\n. Subsequently, from DeepSeek-R1-
Distill-Qwen-1.5B to DeepScaleR-1.5B-Preview,
the post-training dataset (DeepScaleR-Preview-
Dataset, which we also use) has the same format of
separating reasoning steps with \n\n. Therefore,
our segmentation strategy aligns with the format-
ting pattern embedded throughout both the SFT
and RL training stages, rather than introducing a
new structural assumption. In addition, prior work
(Zhang et al., 2025; Wang et al., 2025a; Xiong et al.,
2025) also segments reasoning steps using double
newlines (\n\n) naturally, motivated by pretraining
priors and the inherent structure of reasoning tasks.

Importantly, SAS operates at the granularity of
complete reasoning steps, including the trailing
double newline delimiter (\n\n), and assigns ad-
vantages to all tokens within each step collectively.
As aresult, SAS does not alter the step formatting
pattern. Empirically, we observe that the model

preserves the original step format during training.
Moreover, SAS is not intrinsically tied to the \n\n
delimiter: if a different model family adopts an-
other structured reasoning format, step boundaries
can be defined accordingly without modifying the
core algorithm.

C Licenses

Datasets are released under the following licenses:
* DeepScaleR-Preview-Dataset: MIT license
* AIME24: Apache-2.0 license

* AIME25: Apache-2.0 license

MATH: MIT license
* AMC: Apache-2.0 license

* OlympiadBench: MIT license

GPQA: MIT license

LSAT: MIT license

MMLU: MIT license

The models we use have the following licenses:
* DeepScaleR-1.5B-Preview: MIT license
* L1-Max: MIT license
* LAPO-I: Apache-2.0 license

* ThinkPrune-4k:Apache-2.0 license
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