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Abstract

The reasoning capabilities of large language
models (LLMs) have improved substantially
through increased test-time computation, typi-
cally in the form of intermediate tokens known
as chain-of-thought (CoT). However, CoT of-
ten becomes unnecessarily long, increasing
computation costs without improving accu-
racy and sometimes even degrading perfor-
mance, a phenomenon known as “overthink-
ing”. We propose a multi-stage efficient rea-
soning method that combines supervised fine-
tuning—via rejection sampling or reasoning
trace reformatting—with reinforcement learn-
ing using an adaptive length penalty. We in-
troduce a lightweight reward function that pe-
nalizes tokens generated after the first correct
answer, encouraging the model to perform self-
verification only when beneficial. We conduct
a holistic evaluation across seven diverse rea-
soning tasks, analyzing the accuracy–response
length trade-off. Our approach reduces re-
sponse length by an average of 28% for 8B
models and 40% for 32B models, while incur-
ring only minor performance drops of 1.6 and
2.5 points, respectively. Despite its concep-
tual simplicity, it achieves a better trade-off
than more complex state-of-the-art efficient rea-
soning methods, scoring 76.6 on the area un-
der the Overthinking-Adjusted Accuracy curve
(AUCOAA)—5 points above the base model and
2.5 points above the second-best approach.

1 Introduction

Large language models (LLMs) achieve stronger
performance on reasoning-intensive tasks, such as
math and code generation, by increasing test-time
computation (Snell et al., 2025; OpenAI, 2024;
DeepSeek-AI, 2025; OpenAI, 2025; Amazon AGI,
2025). Accuracy often improves as the model gen-
erates longer chains of thought (CoT). However,
reasoning traces can also become unnecessarily
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Figure 1: Overthinking-Adjusted Accuracy (OAA) (Ag-
garwal et al., 2025) as a function of the response length
threshold on MATH-500 for Qwen3-8B. Our approach
achieves similar accuracy with fewer tokens, leading to
a larger area under the curve.

long and repetitive, yielding no additional gains
and, in some cases, even reducing accuracy, a phe-
nomenon known as “overthinking” (Chen et al.,
2025; Yang et al., 2025c; Wu et al., 2026).

To mitigate this, existing methods often impose
a predefined thinking budget, truncating the reason-
ing trace once the budget is reached (Yang et al.,
2025c) or enforcing it as a hard constraint during
reinforcement learning (RL) training (Hou et al.,
2025). However, such non-adaptive methods can-
not optimally balance accuracy and efficiency, as
measured by response length (Snell et al., 2025;
Yang et al., 2025c; Wu et al., 2026).

We introduce a multi-stage efficient reasoning
framework that adaptively shortens response length
while maintaining the base models’ accuracy. Our
method consists of supervised fine-tuning (SFT),
followed by reinforcement learning with a length
penalty. We construct the training dataset for the
SFT stage using two approaches: rejection sam-
pling, selecting the shortest correct response for
each problem, and reformatting reasoning traces
to omit additional summaries and provide the fi-
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nal answer. For the RL stage, we design a reward
function that penalizes tokens generated after the
first correct answer in the trace, encouraging con-
cise yet complete reasoning traces that lead to the
correct answer. It also incentivizes the model to
perform self-verification only when necessary, as
we show in our analysis.

We evaluate our methods on models of different
sizes from the Qwen3 and DeepSeek families, us-
ing a wide range of reasoning benchmarks, includ-
ing mathematics, science, code generation, ques-
tion answering, and long-context tasks. Our ap-
proach significantly reduces response length while
maintaining high accuracy. Furthermore, when
measured using the area under the Overthinking-
Adjusted Accuracy curve (OAA; Aggarwal et al.
(2025)), a unified metric that accounts for over-
thinking (see Figure 1), our methods consistently
improve over both the base models and state-of-
the-art efficient reasoning approaches. Our main
contributions are as follows:

• We propose a multi-stage efficient reasoning
framework that combines SFT via rejection
sampling or trace reformatting with RL using
a reward that penalizes tokens generated after
the first correct answer. This reduces response
length by 28% for Qwen3-8B with only a 1.6-
point accuracy drop and by 40% for Qwen3-
32B with a 2.5-point drop.

• We compare our approach with state-of-the-
art efficient reasoning methods and demon-
strate consistent improvements using the OAA
curve, a unified metric that accounts for over-
thinking.

• We analyze the trade-off between response
length and accuracy, and study how the trained
models adapt their chains of thought (CoT) for
problems of varying difficulty.

2 Methodology

To obtain optimal LLM reasoning traces, we pro-
pose a multi-stage training framework based on
supervised fine-tuning followed by reinforcement
learning with an adaptive length penalty. This ap-
proach follows the paradigm originally used to train
reasoning LLMs (DeepSeek-AI, 2025).

Supervised Fine-Tuning This first stage serves
as a warm-up for RL training and also improves
convergence. We construct our supervised training
datasets using the following approaches:

1. Rejection sampling: For each problem, we gen-
erate multiple continuations and select the short-
est correct one. While rejection sampling has
been explored in prior work as a baseline or
stand-alone method (Yang et al., 2025c), in con-
trast, we use it as the initial stage to bias the
model toward concise reasoning traces.

2. Reformatting: This approach modifies the for-
mat of model-generated reasoning traces. Rea-
soning models typically produce a structured
trace in which the intermediate reasoning (often
enclosed within <think></think>) is followed
by a summary and then the final answer. We
construct the dataset by removing the summary
and retaining only the final answer, encouraging
the model to generate direct solutions without
redundant reformulations.

RL with Adaptive Length Penalty After SFT,
we further improve efficiency through RL with an
adaptive length penalty. Specifically, we design a
verifiable reward function and use group relative
policy optimization (GRPO; (Shao et al., 2024))
for training. In addition to the standard correctness
reward, we apply a length penalty to encourage
shorter, input-dependent reasoning traces, penaliz-
ing tokens generated after the first correct answer.
Prior methods truncate or prune traces at the token
or sentence level (Cui et al., 2025; Xia et al., 2025),
which can disrupt the reasoning flow. In contrast,
our reward function promotes responses that are
concise, complete, and correct.

The penalty is defined as the proportion of to-
kens after the first correct answer relative to the
full trace. Formally, let y denote the generated to-
ken sequence, yfirst the subsequence up to the first
correct answer (empty if none is produced), and
L a function returning the number of tokens in a
sequence. The length penalty is:

RL(y) =

{
L(y)−L(yfirst)

L(y) if the answer is correct,

0 otherwise,

where yfirst denotes the prefix ending at the first
correct answer. Let RC(y) denote the correctness
and format reward. The overall reward is

R(y) = RC(y)− λRL(y),

where λ controls the trade-off between correct-
ness and reasoning efficiency; in our experiments,
we set λ = 1.

12799



We locate the first correct answer using normal-
ized matching. If no correct answer is produced,
yfirst = ∅, yielding zero length penalty. This dis-
courages redundant self-verification while allowing
self-correction: if the model initially produces an
incorrect answer but later revises it correctly, no
penalty is applied.

We refer to the method using rejection sampling
during SFT as Adaptive-Answer, and the method
using trace reformatting during SFT as Format-
Adaptive-Answer.

3 Experimental Setup

Models. We use Qwen3-8B (Yang et al., 2025a)
as the main model in our experiments. We further
validate our method on Qwen3-1.7B, Qwen3-32B
and DeepSeek-R1-Qwen-7B-distilled (DeepSeek-
AI, 2025). Qwen3-32B was directly fine-tuned
with reinforcement learning with verifiable reward,
while the other models were trained via super-
vised fine-tuning on reasoning traces generated by
a larger model.

Training Dataset. We train on a sample of 13K
problems from DeepScaleR (Luo et al., 2025), a
collection of math datasets with problems drawn
from AIME 1983-2023, AMC, Omni-Math (Gao
et al., 2025), and STILL (Min et al., 2024).

Although we train exclusively on math datasets,
we evaluate our models across diverse domains,
including science QA, commonsense reasoning,
code generation, and long-context tasks. Our re-
sults show that the effects of our adaptive length
penalty—reducing redundant self-verification and
avoiding unnecessary continuation once correct-
ness is reached—are domain-agnostic properties
of reasoning traces. We observe consistent reduc-
tions in response length with minimal accuracy loss
across non-math tasks outside our training domain.

Evaluation. We evaluate on the following
datasets, which cover diverse domains including
math, science, coding, question answering, and
long-context reasoning:

• MATH-500 (Lightman et al., 2024): A represen-
tative subset of 500 problems from the MATH
benchmark. Each problem is assigned a difficulty
level ranging from 1 to 5.

• AIME 24 (AIME, 2025): 30 math problems
from the 2024 edition of the American Invita-
tional Mathematics Examination, a prestigious

high school mathematics competition known for
its challenging mathematical problems.

• AIME 25 (AIME, 2025): 30 math problems
from the 2025 edition of the American Invita-
tional Mathematics Examination, a prestigious
high school mathematics competition known for
its challenging mathematical problems.

• GPQA Diamond (Rein et al., 2024): A subset
of 198 expert-written, graduate-level questions
in biology, physics, and chemistry, designed to
test the true reasoning abilities of large language
models without relying on easily found internet
answers.

• CommonsenseQA (Talmor et al., 2019): A
dataset consisting of 1,221 multiple-choice ques-
tions that require commonsense knowledge to
identify the correct answer. Each question has
one correct answer and four distractors.

• LiveCodeBench (Jain et al., 2025): A holistic,
contamination-free benchmark for evaluating the
coding capabilities of LLMs. We use the sixth
version of the dataset, which contains 55 prob-
lems.

• LongBenchv2 (Bai et al., 2025): A dataset of
503 challenging multiple-choice questions, with
contexts ranging from 8k to 2M words. It in-
cludes the following categories: single-document
QA, multi-document QA, long in-context learn-
ing, long-dialogue history understanding, code
repository understanding, and long structured
data understanding.

Implementation Details. For rejection sampling,
we generate 8 continuations for each problem. Dur-
ing the SFT stage, we train for 2 epochs with a
batch size of 256 and a learning rate of 1e-5. For
the RL stage, we use GRPO (Shao et al., 2024) as
implemented in the Verl framework (Sheng et al.,
2025). We fine-tune the models with a group size
of 8 and a global batch size of 256 for 50 iterations.
We use the Adam optimizer with a learning rate of
1e-6 and KL regularization with β = 0.001. For
all experiments, including the baselines, we set the
maximum number of output tokens to 16,384.

We use the following decoding hyperparameters
as recommended in Yang et al. (2025a) for the
Qwen3 models: temperature = 0.7, top-p = 0.8, top-
k = 20, and presence penalty = 1.5. The maximum
number of output tokens is set to 32,768, except
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for MATH-500, AIME 24, and AIME 25, where it
is set to 40,000. For each question, we sample N
times and report the average accuracy as the final
score, using N = 64 for AIME 24 and AIME 25,
and N = 10 for the remaining datasets.

Metrics. We report both accuracy and response
length (number of generated tokens) to charac-
terize the performance-efficiency trade-off. Not
all points can be directly compared using these
two metrics. Therefore, we also report the area
under the Overthinking-Adjusted Accuracy curve
(AUCOAA; Aggarwal et al. (2025)). OAAt mea-
sures the accuracy of the model when using fewer
than t tokens:

OAAt =
1

n

n∑

i=1

(Accuracyi · I[#Tokensi < t])

AUCOAA is the area under the OAAt curve,
where the x-axis represents the token threshold t
and the y-axis represents the corresponding OAAt

score, as illustrated in Figure 1.

AUCOAA =

∫ tmax

0

OAAt

tmax
dt ≈

tmax∑

0

OAAt

tmax

where tmax is a predefined maximum number of to-
kens. Setting tmax to a very large value is equivalent
to using regular accuracy, which does not account
for shorter traces. Therefore, for each dataset, we
set tmax to the mean number of tokens generated
by the original base model.

Baselines. We compare our methods with exist-
ing state-of-the-art efficient reasoning approaches.
We select a representative set of methods to cover
a broad range of techniques:

• No Thinking: We disable thinking following the
original Qwen3 paper (Yang et al., 2025a).

• First Answer Truncation: We truncate the rea-
soning trace at the first occurrence of the correct
answer, then allow the model to summarize the
truncated trace before producing the final answer.
If the model does not generate the correct answer,
the trace remains untruncated. This is a strong
baseline, as it requires access to the ground truth
answer. We only report this baseline for math
datasets.

• Supervised Fine-tuning (SFT): For each prob-
lem in the training dataset, we generate 8 continu-
ations and retain the shortest correct answer. We
then fine-tune the model on the resulting dataset.

• RL with Hard Length Penalty (Hou et al.,
2025): Traces are truncated if they exceed a pre-
defined maximum length. We set this threshold
to 16k tokens, the maximum used in all our ex-
periments, and 8k tokens, the average response
length on the training set. We also report a cur-
riculum variant that first trains with an 8k cutoff
before lowering the threshold to 4k.

• RL with Soft Length Penalty (Yu et al., 2025):
In addition to a hard cutoff Lmax, a second
threshold Lcache introduces a gradually increas-
ing penalty once the response length exceeds it.
We set Lmax = 10k and Lcache = 8k.

• RL with Normalized Length Penalty (Team
et al., 2025): The length penalty is normalized us-
ing the minimum and maximum response lengths
sampled within the same GRPO group.

• RL with TWYN (Yang et al., 2025b): Think
When You Need (TWYN) is an adaptive method
where rewards are based on pairwise compar-
isons: shorter correct responses receive higher
rewards, while all incorrect responses receive
equally low rewards.

4 Experimental Results

Response Length Reduction. Figure 2 shows
accuracy as a function of response length across
datasets for different efficient reasoning meth-
ods applied to Qwen3-8B (see Table 4 in Ap-
pendix A for absolute values). The green region
indicates points dominated by Adaptive-Answer,
while the orange region indicates points that domi-
nate Adaptive-Answer.

We observe that our methods substantially re-
duce response length while maintaining accuracy
on most datasets. The degree of reduction varies
across tasks; however, even the less aggressive
length-reduction variant, Adaptive-Answer, dom-
inates other alternatives (i.e., there are almost no
points in the orange area of the figure). More pre-
cisely, Adaptive-Answer dominates most methods
on MATH-500, AIME 24, and CommonsenseQA,
and is dominated in only two cases: (i) by Hard-
Length and Soft-Length on LiveCodeBench, and
(ii) by Hard-Length on LongBenchv2. Format-
Adaptive-Answer dominates almost all other meth-
ods on the math and QA datasets, but is domi-
nated on LiveCodeBench and LongBenchv2. We
attribute the smaller reduction in response length
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Figure 2: Average accuracy versus number of tokens for each method using Qwen3-8B. Points in the green region

are dominated by Adaptive-Answer or Format-Adaptive-Answer, while points in the orange region dominate them
(higher accuracy, fewer tokens).

MATH-500 AIME 24 AIME 25 GPQA
Diamond

Common-
sense QA

LiveCode-
Bench

Long-
Benchv2 Avg.

Base model 81.7 68.6 75.8 69.4 72.1 94.3 39.4 71.6

No-Thinking 81.3 21.9 16.0 40.8 48.0 41.0 30.0 39.8
SFT 87.9 73.7 76.9 68.7 76.8 93.9 40.2 74.0
Hard-Length 16k 83.4 70.7 76.3 68.9 72.5 94.1 40.9 72.3
Hard-Length 8k 87.9 73.3 77.2 63.5 73.3 93.1 40.7 72.7
Hard-Length 8k → 4k 89.1 75.1 69.8 61.0 76.5 92.7 38.9 71.8
Soft-Length 87.9 72.4 72.9 62.9 73.3 93.0 39.4 71.6
Normalized-Length 91.9 77.4 61.0 58.3 78.6 90.0 36.6 70.5
TWYN 89.6 74.5 79.6 67.1 74.8 93.9 38.8 74.0

Adaptive-Answer (ours) 90.3 75.8 80.0 68.8 81.4 93.1 39.4 75.5
Format-Adaptive-Answer (ours) 91.2 81.8 80.0 71.6 81.3 93.6 37.4 76.6

Table 1: AUCOAA of all approaches applied to Qwen3-8B across datasets. On average, Format-Adaptive-Answer
achieves the best performance, followed by Adaptive-Answer.

across all efficient reasoning approaches on these
two datasets to training primarily on math datasets.
LiveCodeBench is the only dataset on which the
base model outperforms all efficient reasoning
methods. Although the performance gap is small,
this suggests that fine-tuning exclusively on rela-
tively short math problems may hurt performance
on tasks that require processing long contexts.

The First-answer-truncation baseline is domi-
nated by our methods on AIME 24 and AIME 25.
This suggests that RL fine-tuning does more than
simply remove unnecessary self-verification; it ef-
fectively shortens the model’s reasoning traces.

In relative terms, the largest reductions—
without any performance degradation—are ob-
served on MATH-500 (36% for Adaptive-Answer

and 50% for Format-Adaptive-Answer) and Com-
monsenseQA (30% and 45%, respectively). On
GPQA Diamond, AIME 24, and AIME 25, re-
sponse lengths decrease by about 25% for Adaptive-
Answer and 32% for Format-Adaptive-Answer. For
LiveCodeBench and LongBenchv2, both methods
show only minor accuracy drops (less than two
points) with smaller length reductions—11% and
12% for Adaptive-Answer, and 8% and 14% for
Format-Adaptive-Answer. On average, Adaptive-
Answer shortens responses by 28% and Format-
Adaptive-Answer by 33%, with only a one-point
decrease in accuracy. Notably, even though training
is performed only on math datasets, our methods
also shorten responses on science, coding, QA, and
long-context reasoning datasets.
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Accuracy #Tokens AUCOAA

Base Model 69.9 8295 71.6

SFT (Rejection Sampling) 69.7 7536 74.0
SFT (Formatting) 70.1 7475 74.7
RL (no SFT) 68.8 6303 73.2

Adaptive-Answer 69.0 6344 75.5
Format-Adaptive-Answer 68.7 5918 76.6

Table 2: Average accuracy, response length, and
AUCOAA of the original model, rejection sam-
pling–based SFT, format-based SFT, RL with adaptive
length penalty (without SFT), rejection sampling–based
SFT followed by RL (Adaptive-Answer), and format-
based SFT followed by RL (Format-Adaptive-Answer).

We emphasize that not all methods are directly
comparable using accuracy and response length
alone. For example, on all datasets except AIME
24, Soft-Length neither dominates nor is dominated
by other methods. Therefore, we also compare the
AUCOAA of all approaches applied to Qwen3-8B
across datasets (see Table 1). This confirms the
effectiveness of our methods: on average, Format-
Adaptive-Answer outperforms all other methods,
followed by Adaptive-Answer. Format-Adaptive-
Answer achieves the highest score on all math
and question answering datasets except MATH-
500, where it ranks second. Interestingly, on Live-
CodeBench and LongBenchv2, simple baselines
such as SFT and Hard-Length 16k—equivalent to
RL without a length penalty—outperform all other
efficient reasoning alternatives.

Component Ablations. To evaluate the contri-
bution of each component of our approach, we
perform ablations for each component individu-
ally. Table 2 reports the average accuracy, response
length, and AUCOAA for several configurations:
the original model, rejection sampling–based SFT,
format-based SFT, RL with adaptive length penalty
(without SFT), rejection sampling–based SFT fol-
lowed by RL (Adaptive-Answer), and format-based
SFT followed by RL (Format-Adaptive-Answer).

Adding the rejection sampling–based SFT
(SFT (Rejection Sampling)) stage does not yield
clear improvements when examining accuracy or
response length alone—Adaptive-Answer achieves
slightly higher accuracy than RL (no SFT) but pro-
duces longer responses. Hence, we argue that
AUCOAA is a more suitable metric for ranking
models when no model clearly dominates another.
AUCOAA clearly highlights the benefit of the SFT
phase. We observe a sizable improvement of 3

Accuracy #Tokens AUCOAA

Qwen3-1.7B

Base Model 50.9 7,619 65.4
Adaptive-Answer 49.1 5,884 (-22%) 62.1
Format-Adaptive-Answer 48.3 5,918 (-22%) 62.1

Qwen3-8B

Base Model 69.9 8,298 71.6
Adaptive-Answer 69.0 6,344 (-23%) 75.5
Format-Adaptive-Answer 68.7 5,918 (-28%) 76.6

Qwen3-32B

Base Model 74.8 7,294 69.2
Adaptive-Answer 72.1 4,280 (-41%) 72.5
Format-Adaptive-Answer 72.2 4,372 (-40%) 72.3

DeepSeek-R1-Qwen-7B-Distill

Base Model 50.3 6,272 62.1
Adaptive-Answer 50.4 5133 (18%) 59.6
Format-Adaptive-Answer 50.7 4,612 (26%) 59.7

Table 3: Average accuracy, response length and
AUCOAA of our methods applied to Qwen3.1.7B,
Qwen3-8B, Qwen-32B and DeepSeek-R1-Qwen-7B-
distilled.

AUC points over the base model.
Format-based SFT (SFT (Formatting)) reduces

response length by 10% on average without loss in
accuracy. This suggests that the summary gener-
ated before the final answer does not contribute to
performance, as the model reaches the correct an-
swer by the end of the trace. Adding the RL stage
further improves AUCOAA by 3 points and cuts
response length by 18%, with only a minor drop
in accuracy. However, combining rejection sam-
pling with formatting during SFT does not yield
additional improvements over formatting alone.

Finally, SFT is a crucial stage for RL perfor-
mance: although RL (no SFT) produces the second-
shortest reasoning traces, it incurs a performance
penalty and achieves a lower AUCOAA compared to
the full approaches (Adaptive-Answer and Format-
Adaptive-Answer).

Efficiency and Model Size. We investigate how
our approaches scale with model size and training
regimes. For this set of experiments, we evaluate
Qwen3-{1.7B, 8B, 32B}, and DeepSeek-R1-Qwen-
7B-Distilled.

Across all models, the performance drop after ap-
plying our methods remains under 2.5 points—and
is negligible for DeepSeek-R1-7B (see Table 3).
Notably, the reduction in generated tokens in-
creases with model size: Adaptive-Answer shortens
responses by 22% on Qwen3-1.7B, 23% on Qwen3-
8B, and 40% on Qwen3-32B, demonstrating that
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Figure 3: Response length distributions of some representative efficient reasoning methods applied to Qwen3-8B.
We separate the correct and incorrect responses.

larger models benefit more from efficient reasoning.
However, AUCOAA does not always align perfectly
with the accuracy–response length trade-offs, par-
ticularly for smaller models, highlighting that effi-
ciency gains can sometimes come at a subtle cost
to overall reasoning effectiveness. For instance, the
fine-tuned DeepSeek-R1 dominates the base model
in absolute accuracy but achieves a slightly lower
AUCOAA score. Overall, these results indicate that
our methods are model-agnostic, consistently ef-
fective across different model sizes, and operating
without significant performance loss.

5 Analysis

Response Length Distribution. Figure 3 shows
the response length distributions for a represen-
tative set of efficient reasoning methods applied
to Qwen3-8B. Across all three datasets, incorrect
answers tend to have longer traces than correct
ones, highlighting a correlation between excessive
reasoning and errors. Importantly, our methods
effectively shift the response length distribution for
both correct and incorrect answers, showing that
the models adapt their traces consistently regard-
less of the final answer. This indicates that our
approach encourages concise reasoning across all
outputs, not just the correct ones.

Intermediate Answers. The RL stage encour-
ages the model to minimize unnecessary self-
verification. To analyze this, we report the num-

ber of correct answers appearing in each reasoning
trace for MATH-500, AIME 24, and AIME 25 (Fig-
ure 4). While this metric is a coarse proxy—since
answers may be repeated or paraphrased—it pro-
vides qualitative insight into verification behav-
ior. Both Adaptive-Answer and Format-Adaptive-
Answer shift the distribution toward fewer inter-
mediate correct answers, indicating reduced redun-
dancy in reasoning.

Difficulty Analysis. We examine how problem
difficulty affects accuracy, response length, and
intermediate correct answers. Each MATH-500
problem is assigned a difficulty level from 1 to 5.
As shown in Figure 5, our approaches maintain the
base model’s accuracy across all levels. Response
length adapts to difficulty, increasing for harder
problems and reflecting the need for more reason-
ing. Although both response length and intermedi-
ate correct answers rise with difficulty, they remain
lower than those of the base model, demonstrat-
ing our methods’ efficiency even on challenging
problems.

Qualitative Analysis. Figure 6 compares rea-
soning traces for a math problem from AIME
24 produced by (i) the base model, (ii) Adaptive-
Answer, and (iii) Format-Adaptive-Answer (long
responses are trimmed). The base model per-
forms seven unnecessary self-verifications after
producing the first correct answer (116). In con-
trast, Adaptive-Answer reduces this to three, while
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Figure 4: Distributions of the number of correct answers in the traces of some representative efficient reasoning
methods applied to Qwen3-8B for MATH-500, AIME 24 and AIME 25.
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Figure 5: Accuracy, response length, and count of intermediate correct steps across difficulty levels on MATH-500.

Format-Adaptive-Answer produces an optimal trace
with no self-verifications, directly generating the
final answer without summarizing the reasoning.

There are multiple forms of self-verification.
One involves verifying the solution using exactly
the same approach, while another involves apply-
ing a different method in the hope of arriving at the
same final answer. The latter is not merely repet-
itive behavior but rather a form of sanity check-
ing. In Figure 6, the base model performs this
second type of self-verification in its sixth attempt.
We have observed that the trained model performs
fewer such sanity checks, which may affect overall
performance.

6 Related Work

Test-Time Scaling. Large language models per-
form better on reasoning-heavy tasks such as math,
problem-solving, and coding by increasing test-
time computation (Wei et al., 2022; Wang et al.,
2023; Snell et al., 2025). Models generate inter-
mediate tokens in parallel—by sampling multiple
traces (Wang et al., 2023)—or sequentially, by ver-

ifying and correcting their own outputs (Madaan
et al., 2023; Kumar et al., 2025). Recent work
uses reinforcement learning with verifiable rewards
to further enhance reasoning capabilities, leading
to longer CoT as well as self-verification and self-
correction behaviors (OpenAI, 2024; DeepSeek-AI,
2025; OpenAI, 2025; Yang et al., 2025a).

Efficient Reasoning. While reinforcement learn-
ing improves reasoning ability, it often comes at the
cost of efficiency. In some cases, reasoning traces
become excessively long, increasing computation
without improving accuracy—and sometimes even
harming it, a phenomenon known as “overthink-
ing” (Chen et al., 2025; Yang et al., 2025c; Wu
et al., 2026). Several methods have been proposed
to address this issue (Zhu and Li, 2025). The most
direct approach, budget forcing (Muennighoff et al.,
2025; Yang et al., 2025a), interrupts generation
once a predefined threshold is exceeded. Other
methods construct synthetic datasets by shorten-
ing model-generated reasoning traces (via rejection
sampling or pruning) and then perform SFT (Yang
et al., 2025c; Xia et al., 2025; Cui et al., 2025).
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Base Model

<think>Okay, so Jen is playing this lottery game ... So yes, m = 1 and n = 115, so m+ n = 116 . But

wait, that seems low ... Then m+ n = 1 + 115 = 116 . Hmm. But I feel like this might not be correct. . . .

Therefore, m+ n = 1 + 115 = 116 . But I need to make sure that this is correct. Let me think again . . .

Therefore, m+ n = 1 + 115 = 116 . But wait, intuitively, if the probability of winning the grand prize given

. . . Therefore, the answer is 116 . But wait, let me check again . . . Therefore, answer is 1 + 115 = 116 .

But let me check if there’s an alternative approach... so the answer is 1/115, so m+ n = 1 + 115 = 116 .

But just to be thorough, let me check if . . . Final Answer: 116 <think> To solve this problem, we are asked to

find the **conditional probability** . . . and their sum is:m+ n = 1 + 115 = 116

Adaptive-Answer

<think>Okay, so Jen is entering a lottery where she has to pick 4 distinct numbers from the set S . . . So m + n

is 1 + 115 = 116 . Wait, but before I conclude, let me verify once more because sometimes with probability

. . . Therefore, the answer is 1 + 115 = 116 . But just to make sure, let me think of another way . . . I think the

answer is 116.**Final Answer** 116 </think> To solve the problem, we are asked to find the probability . . .

These are relatively prime.m+ n = 1 + 115 = 116

Format-Adaptive-Answer

<think>Okay, let me try to figure out this probability problem. So, Jen is entering a lottery where . . . **Final

Answer** 116 </think> **Final Answer** 116 .

Figure 6: Reasoning traces of Qwen3-8B on AIME 24 Problem 10 before and after fine-tuning. The base model
performs seven self-verifications after arriving at the correct answer, whereas Adaptive-Answer performs only two
and Format-Adaptive-Answer performs none.

A different line of work to which our method
belongs uses reinforcement learning with a length
penalty in addition to the correctness reward (Liu
et al., 2025; Lou et al., 2025; Zhang et al., 2025;
Tu et al., 2025). The length constraint can be ei-
ther hard, applied once the CoT length exceeds a
fixed threshold (Hou et al., 2025), or soft, where
the penalty increases gradually as the trace length
approaches a threshold (Yu et al., 2025; Aggarwal
and Welleck, 2025). In both cases, a maximum
budget needs to be manually set a priori. Instead
of applying penalties independently per example,
some approaches (Team et al., 2025; Yang et al.,
2025b) define them relative to the length and cor-
rectness of other traces within the same GRPO
group.

Unlike prior methods, which rely on a manu-
ally fixed “thinking budget” shared across all in-
puts, we train models to produce short yet complete
reasoning traces while preserving accuracy. Our
approaches incentivize the model to infer an input-

dependent budget, since not all problems require
the same number of self-verifications.

7 Conclusion

Large language models (LLMs) often perform
better on reasoning-intensive tasks by producing
longer chains of thought. However, these chains
are often unnecessarily long, increasing inference
costs without improving accuracy. To address this,
we propose a multi-stage efficient reasoning frame-
work that consists of supervised fine-tuning—via
rejection sampling or trace reformatting—followed
by reinforcement learning with a reward that pe-
nalizes tokens generated after the first correct an-
swer. Our approach effectively shortens response
length (28% for Qwen3-8B and 40% for Qwen3-
32B) with only minor performance drops (up to 2.5
accuracy points) and outperforms existing state-of-
the-art efficient reasoning methods by 2.5 points
when evaluated using the unified metric AUCOAA.
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yield a better accuracy–response length trade-off.
Furthermore, the reward function relies on the pres-
ence of a correct answer in the reasoning trace,
preventing its application to more open-ended or
weakly verifiable tasks. Future work could modify
the reward function to remove unnecessary self-
verifications while broadening its applicability to a
wider range of tasks. In addition, the efficient rea-
soning methods we propose are post hoc interven-
tions; we do not explore incorporating the adaptive
length penalty directly into the initial RL training.
Due to resource constraints, we also limit our ex-
perimental scope to models of different sizes within
the dense Qwen3 family, and future work could ex-
tend our approach to more model families and other
architectures, such as mixture-of-experts models.
Finally, we focus exclusively on performance on
reasoning tasks and do not measure changes in per-
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A Accuracy–Response Length Trade-off

Table 4 quantifies the accuracy–length trade-off.
Tight hard-length constraints reduce average re-
sponse length from 8.3k tokens (Base Model) to
5.4k, but incur a 3.0-point average accuracy drop
and a severe degradation on AIME 25 (68.5 →
55.5). Normalized-Length achieves the shortest
outputs (4.6k tokens on average) but suffers the
largest performance loss (69.9 → 64.8). In con-
trast, adaptive methods preserve accuracy more ef-
fectively: Adaptive-Answer reduces average length
by 23.5% (8.3k → 6.3k) with only a 0.9-point ac-
curacy decrease, while Format-Adaptive-Answer
achieves a 28.6% reduction (5.9k tokens) with a
1.2-point drop. Among all efficient reasoning strate-
gies, our proposed methods consistently occupy
the Pareto-optimal region, yielding the best overall
accuracy–efficiency trade-offs across benchmarks.
These results indicate that instance-level length
adaptation yields a substantially better efficiency–
accuracy trade-off than fixed or normalized con-
straints.

AI use disclosure: We used AI to assist with
code writing and manuscript typesetting.

Model MATH-500 AIME 24 AIME 25 GPQA
Diamond

Common-
senseQA

LiveCode-
Bench

Long-
Benchv2 Average

Acc.↑ #Tok.↓ Acc.↑ #Tok.↓ Acc.↑ #Tok.↓ Acc.↑ #Tok.↓ Acc.↑ #Tok.↓ Acc.↑ #Tok.↓ Acc.↑ #Tok.↓ Acc.↑ #Tok.↓
Base Model 93.6 4,837 75.5 14,191 68.5 17,402 55.5 7,284 83.5 1,130 73.1 10,261 39.7 2,980 69.9 8,298

SFT 94.0 4,292 75.9 12,381 66.1 16,058 55.8 6,459 84.0 939 72.5 9,708 39.5 2,915 69.7 7,536
Hard-Length 16k 94.0 4,388 76.2 12,803 67.0 15,707 55.9 6,712 83.5 1,087 72.5 9,909 39.3 2,822 69.8 7,633
Hard-Length 8k 93.8 3,369 72.9 10,633 61.9 12,758 54.9 5,535 83.8 959 73.1 8,772 39.9 2,332 68.6 6,337
Hard-Length 8k → 4k 93.4 2,703 71.2 9,114 55.5 10,770 54.5 4,642 83.7 844 71.3 7,972 38.6 1,994 66.9 5,434
Soft-Length 93.4 3,129 72.0 10,105 58.9 11,944 54.9 5,128 83.6 900 71.6 8,335 38.8 2,137 67.6 5,954
Normalized-Length 92.2 1,734 67.0 11,723 50.2 7,475 53.8 3,011 83.7 537 69.4 6,273 37.1 1,326 64.8 4,583
TWYN 94.2 3,377 74.1 11,491 63.6 14,243 54.4 5,978 83.8 964 72.4 9,259 38.7 2,579 68.8 6,841

Adaptive-Answer 94.0 3,098 75.1 10,261 63.9 13,017 55.5 5,560 84.2 786 71.7 9,089 39.1 2,634 69.0 6,349
Format-Adaptive-Answer 93.8 2,403 73.2 9,583 62.4 11,965 58.5 4,931 84.2 620 71.3 9,416 37.6 2,559 68.7 5,925

Table 4: Accuracy (Acc.↑) and response length (#Tok.↓)
of all approaches applied to Qwen3-8B. Best values per
column are in bold.

12810


