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Abstract

Through reinforcement learning (RL) with outcome correct-
ness rewards, large reasoning models (LRMs) with scaled
inference computation have demonstrated substantial suc-
cess on complex reasoning tasks. However, the one-sided
reward, focused solely on final correctness, limits its ability to
provide detailed supervision over internal reasoning process.
This deficiency leads to suboptimal internal reasoning qual-
ity, manifesting as issues like over-thinking, under-thinking,
redundant-thinking, and disordered-thinking. Inspired by the
recent progress in LRM self-rewarding, we introduce self-
rewriting framework, where a model rewrites its own reason-
ing texts, and subsequently learns from the rewritten reasoning
to improve the internal thought process quality. For algorithm
design, we propose a selective rewriting approach wherein
only “simple” samples, defined by the model’s consistent cor-
rectness, are rewritten, thereby preserving all original reward
signals of GRPO. For practical implementation, we compile
rewriting and vanilla generation within one single batch, main-
taining the scalability of the RL algorithm and introducing
only ~ 10% overhead. Extensive experiments on diverse tasks
with different model sizes validate the effectiveness of self-
rewriting. In terms of the accuracy-length tradeoff, the self-
rewriting approach achieves improved accuracy (+0.6) with
substantially shorter reasoning (-46%) even without explicit
instructions in rewriting prompts to reduce reasoning length,
outperforming existing strong baselines. In terms of internal
reasoning quality, self-rewriting achieves significantly higher
scores (+7.2) under the LLM-as-a-judge metric, successfully
mitigating internal reasoning flaws.

1 Introduction

Using reinforcement learning (RL) for o1- and R1-like large
reasoning model (LRM) post-training has demonstrated sig-
nificant success in complex reasoning tasks with extended
test-time computation (Shao et al. 2024; Guo et al. 2025;
Qwen-Team 2025; Wu et al. 2025). The RL-based learning-
to-reason paradigm provides trial and error reward signals
focused on verifiable correctness (Xu et al. 2025). This ap-
proach offers training flexibility and ideally holds the poten-
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tial to achieve superhuman reasoning intelligence (Wan et al.
2024; Han et al. 2025b,a; Silver et al. 2016, 2017).
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Figure 1: The reasoning of LRMs suffers from internal flaws.
Over-thinking manifests as reasoning heavily over trivial or
irrelevant aspects, under-thinking manifests as omissions and
insufficient depth in reasoning, redundant-thinking manifests
as repetition of essentially the same thoughts without bring-
ing new ideas, and disordered-thinking manifests as jumping
abruptly from one topic to another without coherence. Evalu-
ated by LLM judges scores (the higher the better), rewriting
significantly mitigates the flaws. Self-rewriting framework is
to enable LRMs to learn from their own rewrites.

However, a careful examination of reasoning texts gen-
erated by current LRMs reveals numerous internal flaws,
as exemplified in Figure 1. Specifically, we identify four
common problem categories in LRM reasoning: (1) over-
thinking, where models heavily define, calculate, or check
irrelevant or trivial parts; (2) under-thinking, characterized
by skipping or over-simplifying complex and relevant parts;
(3) redundant-thinking, involving the repetition of essentially
the same thoughts without introducing new ideas; and (4)
disordered-thinking, which manifests as the interleaving of
multiple thinking threads into a confusing mess. Collectively,



these problems compromise the interpretability of the result,
incur unnecessary reasoning costs due to the generation of
meaningless texts, ultimately degrade the correctness of the
final outcomes (Su et al. 2025).

Although recent researches on post-tuning LRMs for rea-
soning improvement are emerging, these efforts primarily
focus solely on one single aspect of length control (Aggar-
wal and Welleck 2025; Yang et al. 2025; Chen et al. 2024),
neglecting the complex reasoning internal flaws.

To address the need for fine-grained reasoning improve-
ment, we draw inspiration from recent research on self-
rewarding in LRMs (Ryu et al. 2024; Huang et al. 2023;
Zhang et al. 2025¢). This self-supervised learning paradigm
involves models providing their own internal rewards during
the RL process. Instead of generating numerical rewards, we
propose self-rewriting. This novel approach instructs models
to rewrite their own generated reasoning passages to enhance
quality while preserving all core ideas. The models then learn
from these rewritten versions of their reasoning. As illustrated
in Figure 1, preliminary experiments demonstrate that self-
rewriting can significantly mitigate the four aforementioned
problems, as measured by LL.M-as-a-judge metrics.

Specifically, we integrate a rewriting process into GRPO
(Shao et al. 2024) and define a corresponding rewriting pref-
erence reward. Our approach employs selective rewriting,
focusing only on “simple” queries where the model achieves
1.0 accuracy, while leaving other queries unchanged to mini-
mize modifications to original GRPO algorithm. Furthermore,
we designed an efficient implementation that introduces min-
imal computational overhead (~ 10%) when incorporating
the rewriting process and preference.

Through comprehensive evaluation across diverse tasks
and LRMs of varying sizes, we’ve made several key findings.
Firstly, rewriting effectively serves as a reasoning length con-
trol method, even without explicit instructions in the rewrit-
ing prompt to reduce length. Compared to existing methods
designed for efficient reasoning, our approach yields compa-
rable or superior results in the trade-off between length and
accuracy, answering correctly with fewer reasoning tokens.
Furthermore, a detailed analysis validates the effectiveness
of rewriting in generating reasoning of varying length and
mitigating internal reasoning flaws, including over-thinking,
under-thinking, redundant-thinking, and disordered-thinking.

Our main contributions are summarized as follows:

* We introduce the novel integration of reasoning rewriting
into the LRM RL post-tuning framework to mitigate inter-
nal reasoning flaws. Our proposed self-rewriting frame-
work enables models to learn from their rewritten reason-
ing, while maintaining the flexibility and scalability of the
original GRPO algorithm.

» Extensive experiments across diverse tasks and multi-
ple model sizes demonstrate that self-rewriting method
exhibits strong length control capabilities, even without
explicitly optimizing for length preference. It surpasses
strong baselines in terms of the accuracy-length tradeoff.

* We conduct a fine-grained analysis of the rewritten texts.
This validates that self-rewriting can generate more di-
verse response candidates of varying length, and success-
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fully mitigate common reasoning flaws, including over-,
under-, redundant-, and disordered-thinking.

2 Related Work

Reasoning Length Control Recent progress in LRMs
(Guo et al. 2025; Qwen-Team 2025; Kimi-Team et al. 2025;
Seed et al. 2025) has demonstrated the success of scaling test-
time computation, where model performance on complex
reasoning tasks consistently improves with the generation of
more intermediate reasoning steps. However, a significant
challenge for current LRMs is their tendency to generate an
excessive number of reasoning tokens beyond necessary. This
problem draws considerable research attention. One line of
work explores modifying inference schemes to generate “soft
thoughts”, where each represents an entire reasoning pas-
sage (Hao et al. 2024; Shen et al. 2025; Zhang et al. 2025b).
Another approach endeavors to address the issue within the
text modality itself. These works generate responses of vary-
ing lengths by: (1) sampling multiple times (Aggarwal and
Welleck 2025; Munkhbat et al. 2025; Su et al. 2025); (2)
employing different prompts or thinking modes (Yang et al.
2025; Sun et al. 2025; Zhang et al. 2025a); or (3) explicitly
truncating original responses into shorter ones (Chen et al.
2024; Qu et al. 2025; Dai, Yang, and Si 2025). The responses,
now diverse in length, are then collected for fine-tuning, with
a preference given to shorter and correct ones, ultimately
aiming to generate concise and accurate reasoning paths.
Without explicit human-designed length preference, exper-
iments show that self-rewriting method strikes a favorable
accuracy-length tradeoff, outperforming strong baselines.

Reasoning Internal Quality Study Studying the internal
quality of LRMs reasoning is more challenging than eval-
uating final accuracy or reasoning length, as the reasoning
flaws cannot be directly formalized as an optimization objec-
tive. Nevertheless, reasoning quality, beyond just correctness
and length, remains crucial for readability, interpretability,
and overall performance (Su et al. 2025). Pioneering LRM
research (Guo et al. 2025) leverages human-friendly cold-
start fine-tuning to achieve readable formats and consistent
language. More recently, Qi et al. (2025) proposes adapting
reasoning to users’ language to foster human trust and over-
sight. Another line of research (Lanham et al. 2023; Lyu et al.
2023) investigates reasoning consistency and aims to enhance
its influence on the final result. Recent related work (Wang
et al. 2025) identifies a prevalent switching-thought pattern
in LRM reasoning, and proposes intervening in the inference
process to encouraging reasoning in depth.

Unlike previous work that heuristically selects one inter-
nal aspect for analysis—such as readability, consistency, or
switching-thought frequency—we aim to comprehensively
improve reasoning by leveraging self-rewriting.

LLM Self-Rewarding The LLM self-rewarding mecha-
nisms as alternatives to human-labeled rewards in fine-tuning
is becoming increasingly promising, particularly as the ca-
pabilities of LLMs approach or surpass human expert per-
formance on numerous tasks. Some research advocates for
the use of generative reward models (Ryu et al. 2024; Mahan
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Figure 2: Self-rewriting framework. If any response for a given query is incorrect, the remaining half of the rollouts are sampled
normally, and the final loss computation proceeds identically to GRPO. Conversely, if all initial responses for a query are correct,
the model then rewrites and completes the reasoning texts, with the rewritten version receiving higher rewards.

et al. 2024; Yuan et al. 2024; Wu et al. 2024), while others
propose employing majority voting or leveraging internal rep-
resentation relations to estimate ground truth labels (Huang
et al. 2023; Zuo et al. 2025; Zhang et al. 2025c). The LLM
self-rewarding paradigm not only decreases the intensive
demand for human labeling, but also achieves performance
comparable to direct training with ground-truth data.

Our work extend this line of work, proposing novel self-
rewriting for self-supervised LLM finetuning. Comparing
to self-rewarding, self-rewriting adopts an generative rather
than discrimitive approach to self-improvement, offering a
more detailed and comprehensive guide for the actor model.

3 Method

Current LRM are supervised exclusively with verifable out-
come rewards which focuses on the correctness of the results
during RL training, lacking an explicit mechanism for inter-
nal quality improvement that comprehensively addressing
reasoning flaws. These flaws compromise (1) the reasoning
interpretability and oversight, (2) the reasoning efficiency,
and (3) the final performance.

Inspired by recent advancements in self-rewarding mecha-
nisms, we leverage the general language understanding and
generation capabilities of LLMs to instruct models to rewrite
their own reasoning passages. To enable learning from this
rewritten reasoning while retaining the original performance,
we integrate the selective rewriting process as a component
into GRPO. Combining these elements, we propose the self-
rewriting framework and present its efficient implementation.

Reasoning Rewriting Reasoning rewriting aims to change
the features of the original reasoning and improve the overall
quality. Addressing specific application scenarios, the rewrit-
ing instruction can be quite flexible, changing the reasoning
style and so on. While in this work, we are to examine the
basic principle of the method, thus only adopting a minimum
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rewriting instruction which focuses on general quality im-
provement and not involves special requirement. The general
prompt for rewriting is shown in the text box below.

You are a skilled editor tasked with improving a given think-
ing passage. Your goal is to refine the passage to enhance
its overall quality, making it more organized, coherent, and
accurate. Your output should be a rewritten version of the
original thinking passage. The rewritten version should main-
tain the core ideas and essence of the original while signifi-
cantly improving its presentation and impact. Please provide
only the rewritten thinking passage, without any additional
explanations or context.

\.

Selective Rewriting By incorporating rewriting into the
RL process, we aim to enable the LLM to learn from its
own rewrites, thereby improving presentation and eliminat-
ing redundancy while retaining high reasoning effectiveness.
Inspired by recent work that filters samples with 1.0 accuracy
(Yu et al. 2025), we propose to apply selective rewriting, as
illustrated in Figure 2. This approach exclusively rewrites
those samples that are already completely correct. Formally,

G
WER(Tv O|Q7 {ti, Oi}iz:l) =
G

G
mo(T|{t:}2,) m9(Olq,T) if {o;} 2 all correct
7o (T, O|q) else

ey
where ¢, t, 0 denotes query, reasoning text, and final answer
respectively. If and only if the first half group of responses are
all correct, selective rewriting strategy rewrites the reasoning,
consequently concatenates the original query and rewritten
reasoning for continue generation of final answers. Otherwise,

the following half group are sampled normally.
Selective rewriting strategy offers two key advantages.
Firstly, it minimally interrupts current optimization meth-
ods, utilizing only what would otherwise be useless samples



in the original GRPO process. Secondly, by focusing on the
simplest queries that the LLM has already mastered, it allows
the model to practice generating concise and well-presented
thoughts on easy problems, while still engaging in normal
sampling for harder ones, preserving the improvement space
for complex problem-solving.

Optimization Self-rewriting framework gives higher re-
wards to rewritten samples if all responses are correct; oth-
erwise, it gives higher rewards to correct samples. Formally,
given the raw correctness reward r, the reward for the i-th
sample in a group is defined as

r; ifr#1,
7; =< 1 ifr = 1 A (i-th sample is rewritten), (2)
0 else.

Calculate the advantage /L-,t based on r (details are dis-
cussed in Appendix A), the policy model is optimized by
maximizing the objective:

To = B[~ P(Q), {0} 21 ~ m0,1,(10),

G
{to}o gy ~ 58 Cla, {ti 0kl 3)
G [os]
L i { min[ % A, ,, clip(—0-, 1+ €>Ai’t]}'
& |O¢ ‘ T Oo1a T ola

Overall Algorithm The pseudocode of self-rewriting is
shown in Algorithm 1.

Algorithm 1: SELF-REWRITING
Input: query set (), model M, verifier R, group size G
Output: adapted model M
1: for ¢ in @ do
2: tlzg,ohg +— M(q)

G
/I generate 5 responses

3 rie < R(q,05.¢) /1 verity first half batch
4 ifr;.¢ =1then

5: to g M(tyg) // rewrite reasoning
6: 0c1.q ¢ M(q,te ) // continue generation
7 else

8: te,1.q:06,1.q < M(q) //vanilla generation
9:  endif

10: ryi.g < R(% OI:G)

11:  t1.¢ « Equ2(ri.q)

12: M <« step(M, q,t,0,F)
13: end for

14: return M

/l reward with Equation 2
/I GRPO stepping

Efficient Implementation Self-rewriting complicates the
RL process by incorporating a selective rewriting after gen-
erating the first half batch. To ensure the added complexity
does not lead to significantly higher computation consump-
tion, we design a practically efficient implementation for the
algorithm. As is shown in Figure 3, after the generation of the
first half batch, we compile the vanilla generation samples
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Figure 3: The illustration of computation process for vanilla
GRPO (top) and self-rewriting (bottom), when there are 4
computation units, 2 queries in a batch, and 4 rollouts for
each query. By compiling generation and rewriting into one
batch, the complexity introduced by selective rewriting only
leads to time consumption increment of about 10%.

from not-all-correct queries and the rewriting samples from
all-correct queries into one batch for joint inference. Sub-
sequently, the rewritten reasoning segments are separately
compiled into another batch for continued generation. Note
that the continuation only generates outputs after </think>
token, which usually takes a very small portion of the overall
response. Compared to vanilla GRPO, the implementation
increases the time consumption by only about 10%, which
is acceptable given that our method is primarily intended for
post-tuning rather than large-scale pre-training.

4 Experiments
4.1 Setups

We list main experimental setups here, and detailed experi-
mental information are shown in Appendix B and C.

Datasets For training datasets, we randomly sample 10K
pieces from DeepMath-103K (He et al. 2025) following pre-
vious work (Dai, Yang, and Si 2025). For comprehensive
evaluation, we conduct test on four diverse types of tasks,
including math reasoning MATH-500 (Lightman et al. 2023),
science reasoning GPQA-Diamond (Rein et al. 2024), logic
reasoning ARC-Challenging (Clark et al. 2018), and knowl-
edge reasoning MMLU-Pro (Wang et al. 2024).

Metrics Following previous work, we firstly measure the
tradeoff between accuracy and length. Specifically, we evalu-
ate the average pass@1 rate and token numbers across 4
sampled runs with temperature 0.6 and max length 32K.
In addition, we are also interested in the internal quality
of reasoning texts, i.e., the over-thinking, under-thinking,
redundant-thinking, and disordered-thinking problems. How-
ever, LLM reasoning texts are often very long and require
professional level knowledge to understand, thus very dif-
ficult to evaluate. For efficient and effective evaluation, we
use stronger LLMs (DeepSeek-V3, others in Appendix D)
instructed to judge the reasoning text according to the four
aspects (prompts shown in Appendix B), and score in range
of 1 to 5. We scale the averaged results into 100.



Models MATH-500 GPQA-Diamond ARC-Challenge MMLU-Pro \ Average
Acc Len Jdg Acc Len Jdg Acc Len Jdg Acc Len Jdg\ Acc Len Jdg
Owen3-1.7B
Original 86.0 5267 71.5 37.9 7999 51.0 87.0 798 74.6 56.6 3354 64.3|66.9(+0.0) 4355(+0%) 65.4(+0.0)
GRPO 87.0 4695 71.2 37.9 6960 50.7 86.1 717 77.1 56.6 3105 66.6|66.9(+0.0) 3869(-11%) 66.4(+1.0)
LenPenl  83.8 3794 77.5 33.8 5637 52.5 87.3 591 81.4 56.4 2381 69.4|65.3(-1.6) 3101(-29%) 70.2(+4.8)
LenPen2  83.7 3893 744 34.2 5814 527 87.1 597 80.8 55.9 2527 68.6| 65.2(-1.7) 3209(-27%) 69.1(+3.7)
ShortBetter 86.0 3714 75.4 37.1 5947 53.0 86.1 607 82.1 56.4 2577 68.1|66.4(-0.5) 3211(-26%) 69.7(+4.3)
LPO 83.4 3854 73.0 36.0 4974 53.1 86.0 641 80.6 55.5 2386 65.2| 65.2(-1.7) 2964(-32%) 68.0(+2.6)
TOPS 80.7 3855 74.3 36.2 4632 51.4 86.3 580 80.9 55.3 2238 68.1|64.6(-2.3) 2826(-35%) 68.7(+3.3)
Rewrite 86.0 3820 79.6 36.9 4823 55.5 86.3 503 84.9 55.7 2195 74.0| 66.2(-0.7) 2835(-35%) 73.5(+8.1)
Owen3-4B
Original 89.6 4544 734 52.2 7373 545 927 742 754 69.9 3440 64.9|76.1(+0.0) 4025(+0%) 67.1(+0.0)
GRPO 90.0 3910 74.7 52.5 7057 54.3 92.4 692 77.7 68.1 3063 67.8|75.8(-0.3) 3681(-9%) 68.6(+1.5)
LenPenl  89.2 2634 81.4 54.0 4650 57.8 92.5 480 83.2 69.4 2041 73.2|76.3(+0.2) 2451(-39%) 73.9(+6.8)
LenPen2  89.4 2607 81.9 52.0 4966 57.8 929 491 83.0 69.6 2091 70.3|76.0(-0.1) 2539(-37%) 73.3(+6.2)
ShortBetter 89.2 2480 84.6 49.2 4904 57.3 92.8 499 824 67.8 2196 72.6| 74.8(-1.3) 2520(-37%) 74.2(+7.1)
LPO 89.4 3142 79.6 48.8 4602 57.3 92.1 598 79.4 66.8 2277 69.0| 74.3(-1.8) 2655(-34%) 71.3(+4.2)
TOPS 88.6 2929 85.2 46.8 3772 55.3 922 419 81.0 66.6 1694 73.0| 73.6(-2.5) 2204(-45%) 73.6(+6.5)
Rewrite 89.4 2005 88.8 54.6 4647 58.6 93.0 468 85.8 68.9 1747 76.2|76.5(+0.4) 2217(-45%) 77.4(+10.3)
Owen3-8B
Original 90.2 4663 78.6 55.1 8063 58.5 93.5 764 82.1 74.1 3482 69.3|78.2(+0.0) 4243(+0%) 72.1(+0.0)
GRPO 89.6 4446 78.6 53.0 7178 56.9 93.9 728 82.5 76.4 3194 69.8|78.2(+0.0) 3887(-8%) 72.0(-0.1)
LenPenl  89.0 3034 83.6 55.6 5371 58.8 939 548 85.4 74.3 2353 72.1|78.2(+0.0) 2827(-33%) 75.0(+2.9)
LenPen2  89.2 2938 82.9 56.6 5929 59.0 94.0 560 84.5 74.3 2380 73.5|78.5(+0.3) 2952(-30%) 75.0(+2.9)
ShortBetter 90.4 3001 83.7 53.3 5754 58.0 93.7 560 86.6 74.5 2402 72.9|78.0(-0.2) 2929(-31%) 75.3(+3.2)
LPO 89.6 3648 80.9 52.3 5666 56.7 94.1 625 82.3 73.8 2698 70.6|77.5(-0.7) 3159(-26%) 72.6(+0.5)
TOPS 89.3 2796 83.4 53.8 4505 56.7 94.2 474 86.4 73.9 2048 72.4|77.8(-0.4) 2456(-42%) T4.7(+2.6)
Rewrite 89.2 2490 90.0 57.1 4018 61.2 94.3 463 89.5 74.4 2202 76.6|78.8(+0.6) 2293(-46%) 79.3(+7.2)

Table 1: Main experimental results. Best average results for each model are bolded.

Models We conduct experiments with well-established
LRMs with varied parameter sizes, including Qwen3-1.7B,
Qwen3-4B, and Qwen3-8B.

Baselines (1) GRPO (Shao et al. 2024) reinforces correct-
ness rewards. (2) Length Penalty is a simple but effectively
method widely used by previous work (Kimi-Team et al.
2025; Hiroshi, Taiki, and Yuichi 2025; Arora and Zanette
2025), which heuristically adopts length rewards as supple-
ments to correctness rewards favoring shorter responses. We
implements two types of length penalty proposed by Kimi-
Team et al. (2025) and Arora and Zanette (2025), referring
them as LP1 and LP2 respectively. (3) ShorterBetter (Yi,
Wang, and Li 2025) prefers responses whose length close to
the shortest correct ones, instead of simply shorter ones. (4)
LPO (Su et al. 2025) leverage offline-RL to prefer shorter
responses over longer ones. (5) TOPS (Yang et al. 2025)
applies reasoning effort-conditioned generation for multiple
responses with diverse conciseness level, and adopts offline-
RL preferring the shortest correct reasoning.

Implementation For result reliability and robustness, we
adopt commonly-used hyper-parameters without extensive
search. All methods are trained for 1 epoch with batch size
256. For online RL, we use GRPO with learning rate as 3e —6
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and rollout size as 8. For offline RL, we use SimPO (Meng,
Xia, and Chen 2024) with learning rate as le — 6, 5 = 2.0
and v = 0.3. Other details are listed in Appendix C.

4.2 Results

The main results are shown in Table 1.

Accuracy-Length Tradeoff All methods experimented
manage to shorten reasoning length, including vanilla GRPO
with a cutoff length 12K. Among them, our proposed self-
rewriting method strikes a good tradeoff between accuracy
and reasoning length, outperforming existing strong baselines.
Specifically, with in the same training load, self-rewriting
is able to generate more concise reasoning leading to more
correct final answers, due to the strength of LLM rewriting
supervision over previous length preference.

LLM Judge Scores LLM judge scores assess issues such
as over-thinking, under-thinking, redundant-thinking, and
disordered-thinking in reasoning texts by leveraging the gen-
eral language understanding capabilities of powerful LLMs.
The results reveal that stronger models yield higher judge
scores, while length control methods can further enhance the
internal quality of reasoning. Notably, self-rewriting achieves



significantly higher LLM judge scores compared to all base-
line methods, demonstrating its capacity to improve inter-
nal reasoning quality and alleviate reasoning flaws. These
substantially higher judge scores partially explain why self-
rewriting achieves a favorable accuracy-length tradeoff.

Online versus Offline Our comparison between online
RL methods (LenPenl, LenPen2, ShorterBetter, and our
proposed self-rewriting) and offline RL methods (LPO and
TOPS) reveals two key distinctions. First, regarding final
accuracy and LLM judge scores, online methods generally
outperform offline approaches even when offline methods like
TOPS also incorporate correctness preferences. This demon-
strates the importance of online generation for maintaining
performance, as models require dynamic reward signal cal-
ibration alongside parameter updates, rather than relying
on static preference datasets constructed before fine-tuning
begins. Second, online RL methods demonstrate more pro-
portional length control than offline approaches on out-of-
domain tasks. When trained on math reasoning data, offline
methods tend to over-truncate GPQA reasoning which re-
quires more detailed explanations, while under-truncating
simpler ARC tasks. In contrast, online methods adjust lengths
more appropriately for all tasks. In summary, for length con-
trol scenarios requiring both accuracy preservation and gen-
eralization beyond training data, online methods, particularly
our proposed self-rewriting, offer superior performance.

4.3 Ablations

We conduct further ablation experiments to answer two key
questions. (1) Does our proposed self-rewriting method con-
sistently outperform its baselines across different length com-
pression scales? (2) How does selective rewriting policy in-
fluences the final results?

Training Data Scale To compare our self-rewriting method
with its baselines across different lengths, we continue train-
ing the online RL methods for an additional 10K samples
(20K samples in total). We then evaluate four checkpoints
corresponding to 5K, 10K, 15K, and 20K training samples
for each method. The results are presented in Figure 4.

80
79
78 Yo o %
77

76
1,500 2,000 2,500 3,000 3,500 4,000

—e—Self-Rewrite —e—LenPen1 —e—LenPen2 —e—ShorterBetter

Figure 4: Results of four checkpoints for each methods on
Qwen3-8B. X-axis refers to length and y-axis refers to aver-
age accuracy across four tasks.

The results show that, with more training, length control
methods progressively shorten reasoning length at the cost
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of compromising accuracy. Among them, self-rewriting con-
sistently outperforms other online RL baselines for accuracy
under different length budgets.

Selective Rewriting We propose selective rewriting to let
the model exclusively rewrite “simple” samples for better
presentation, while explore for correctness for other ones. To
validate the effectiveness of selective rewriting, we compare
it with a vanilla rewriting policy, where at each step, n% of
samples are randomly chosen for rewriting. As the results in
Table 2 show, the performance is degraded without selective
rewriting process.

Models Acc Len Jdg

Original 78.2(+0.0) 4243(+0%) 72.1(+0.0)
GRPO 78.2(+0.0) 3887(-8%) 72.0(-0.1)
Self-Rewriting 78.8(+0.6) 2293(-46%) 79.3(+7.2)

w/o SR(50%)  77.9(-0.3) 2691(-37%) 78.8(+6.7)
w/o SR(100%) 77.8(-0.4) 2120(-50%) 78.6(+6.5)

Table 2: Ablation experimental results on Qwen3-8B. All
results are averaged on four tasks. “SR” denotes selective
rewriting, and “without SR (n%)” refers to the process that
randomly select n% samples to rewrite, instead of choosing
correct ones as in selective rewriting. Best results are bolded.

5 Analysis

In previous experiments, we have validated the high effec-
tiveness of our proposed self-rewriting over previous length
control methods in terms of accuracy-length tradeoff, and we
attribute such superiority to the high reasoning text under-
standing and rewriting capability of LLMs. Specifically, we
speculate that LLMs are able to rewrite the reasoning texts
generated by their own for higher internal reasoning quality,
mitigating the issues including over-thinking, under-thinking,
redundant-thinking, and disordered-thinking.

While our hypothesis that self-rewriting can improve rea-
soning internal quality has been validated through the LLM-
as-a-judge methods of previous experiments as shown in
Table 1, we want to have a deeper understanding about how
rewriting changes the character of reasoning texts in details.
In this section, we conduct further analyses to offer more
insights about how rewriting improve the reasoning texts.

Before presenting detailed results, we emphasize that all
rewriting analyses are based on the neutral prompts described
in Section 3. Our tested rewriting prompt uses only basic
instructions to improve reasoning quality generically, with-
out revealing our specific evaluation criteria (over-thinking,
etc.) or explicitly requesting conciseness. While application-
specific scenarios could employ more targeted prompts, we
intentionally use minimal instructions to enable fundamental
evaluation of the core methodology of self-rewriting.

5.1 Length Ratio Distribution

Previous reasoning length control approaches typically in-
corporate length preference as supplements to correctness
rewards, while self-rewriting framework rewrites reasoning



texts and prefers the rewritten responses in rewarding. We
first examine the distribution of length ratios between pre-
ferred and rejected responses under self-rewriting approach
and previous length preference approaches.

In practice, we analyze the first 20 steps (corresponding
to 5K samples) with Qwen3-8B self-rewriting training, and
count the ratio between preferred responses (rewritten ones)
and rejected responses (original ones). We compare the length
ratio distribution with that of previous length control ap-
proaches, which denotes the ratio between the shortest correct
responses and the other correct responses.

Distribution of Length Ratios

Rewrite
Vanilla

Probability Density

1

1

1

1

1

0.00 025 050 075 1.00 125 150 175 2.00
Length of Preferred / Length of Rejected

Figure 5: The length ratio distribution of Qwen3-8B on-
line RL training dataset between preferred and other re-
sponses. Preferred responses refer to rewritten ones for self-
rewriting, and shortest correct ones for vanilla length control
approaches. The vertical dashed lines denote median values.
The probability density function shown in the figure is ob-
tained using Gaussian kernel density estimation.

The results in Figure 5 reveal three key insights. First,
self-rewriting in general adopts a more aggressive length
reduction strategy, with a median length ratio of ~0.5 com-
pared to ~0.7 for vanilla sampling methods. This explains
Table 1’s findings where self-rewriting achieves shorter re-
sponses with equivalent training. Second, self-rewriting ex-
hibits significantly greater variance in length ratios, indicating
its greater ability to generate more diverse response candi-
dates in terms of length. Notably, ~10% of rewritten samples
become longer than originals, which is an outcome impos-
sible with vanilla length preferences. Finally, self-rewriting
displays a bimodal distribution, rather than the unimodal
distribution pattern of vanilla length preference, suggesting
LLMs dynamically adapt conciseness based on problem char-
acteristics rather than applying uniform length reduction.

5.2 Fine-Grained LLM Judge Scores

Our discussion has revealed the internal reasoning flaws in
current LRMs as shown in Figure 1, manifesting as over-
thinking, under-thinking, redundant-thinking, and disordered-
thinking. Moreover, through rigorous LLM-as-a-judge evalu-
ation with powerful model evaluators, we have demonstrated
the self-rewriting’s significant mitigation of these issues, as
shown in Table 1. We now conduct a fine-grained examina-
tion of how rewriting enhances reasoning quality.

Using the same judge model and prompts from our main
experiments, we analyze fine-grained scores for each reason-
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ing flaw category: over-thinking, under-thinking, redundant-
thinking, and disordered-thinking. Our primary evaluation
focuses on the DeepMath training data, which is also used
in our main experiments, to understand how self-rewriting
improves reasoning quality. For generalizability, we conduct
additional testing on the MMLU training set. 1K queries are
sample from both datasets.

Models Over Under Redundant Disordered
DeepMath
Original 76.3 82.0 67.9 61.6
Rewritten 84.0 87.3 82.1 77.1
MMLU
Original 644 678 60.6 56.2
Rewritten 78.8 74.0 80.8 834

Table 3: LLM-as-a-judge scores of reasoning texts on
four dimensions, including over-thinking, under-thinking,
redundant-thinking, and disordered-thinking. The original
the rewritten reasoning texts are all generated by Qwen3-8B.

The results in Table 3 reveal consistent patterns across both
datasets. Redundant-thinking and disordered-thinking show
significant improvement evidenced by higher scores, while
over-thinking and under-thinking demonstrate more mod-
est gains. This aligns with expectations, as LLM reflection
can more easily identify repetitive content and incoherent
topic transitions compared to determining optimal thought
depth and coverage. Notably, direct rewriting yields greater
LLM judge score improvements than fine-tuning with our
self-rewriting framework. This suggests the online RL frame-
work’s correctness scores prevent overfitting to rewritten
outputs, maintaining (or even improving) accuracy despite
smaller judge score gains, demonstrating an effective balance.

6 Conclusion

This paper proposes self-rewriting, an RL reasoning rein-
forcement framework that incorporated with model-generated
rewrites. Self-rewriting framework employs selective rewrit-
ing to minimize disruption to the vanilla RL process, focusing
exclusively on simple queries while favoring their rewritten
reasoning texts. Our implementation optimizes efficiency by
compiling continuous generation and rewriting into a sin-
gle batch operation, obtaining a computational overhead as
low as ~ 10%. Extensive experiments across diverse tasks
and model sizes validate the superior reasoning improvement
ability of self-rewriting over strong baselines, particularly in
balancing accuracy and length while achieving higher reason-
ing quality according to LLM judge metrics.

Self-rewriting extends current line of self-rewarding ap-
proaches for reasoning improvement, demonstrating that
LLMs can generate concise high-quality supervision through
rewriting their own reasoning texts. The framework’s flex-
ibility allows for targeted rewriting by modifying prompt
instructions, enabling the generation of texts with specific
features tailored to particular applications. Tthis work focuses
on general rewriting instructions, and leaves the exploration
of specialized targeted rewriting for future research.
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