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Abstract

Recent advancements in large language models (LLMs) have
greatly improved their ability to perform complex reason-
ing tasks through Long Chain-of-Thought (CoT). However,
this approach often results in substantial redundancy, im-
pairing computational efficiency and causing significant de-
lays in real-time applications. To improve the efficiency,
current methods often rely on human-defined difficulty pri-
ors, which do not align with the LLM’s self-awared diffi-
culty, leading to inefficiencies. In this paper, we introduce
the Dynamic Reasoning-Boundary Self-Awareness Frame-
work (DR. SAF), which enables LLMs to dynamically assess
and adjust their reasoning depth in response to problem com-
plexity. DR. SAF integrates three key components: Boundary
Self-Awareness Alignment, Adaptive Reward Management,
and a Boundary Preservation Mechanism. These components
allow models to optimize their reasoning processes, balanc-
ing efficiency and accuracy without compromising perfor-
mance. Our experimental results demonstrate that DR. SAF
achieves a 49.27% reduction in total response tokens with
minimal loss in accuracy. The framework also delivers a
6.59x gain in token efficiency and a 5x reduction in training
time, making it well-suited to resource-limited settings. Dur-
ing extreme training, DR. SAF can even surpass traditional
instruction-based models in token efficiency with more than
16% accuracy improvement.

Code — https://github.com/sfasfaffa/DR SAF

1 Introduction
Recent advancements in large language models (LLMs)
have demonstrated their remarkable ability to tackle com-
plex reasoning tasks, particularly through the use of Long
Chain-of-Thought (Long CoT) techniques (Wei et al. 2022;
Guo et al. 2025; Chen et al. 2025; Li et al. 2025b). In contrast
to the shorter chain-of-thought (Short CoT) typically em-
ployed in traditional LLMs, Long CoT reasoning involves
a more detailed and iterative process of exploration and re-
flection within a given problem space. This process is fa-
cilitated by inference-time scaling (Guo et al. 2025; Zhang

*Equal contribution
†Corresponding Author

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Question 1 Question 2 Question 3 Question 4

Human 
Annotation

Within Model Ability: Easy

Beyond Model Ability: Hard

41 7 10 13 16
0

1e5
2e5

3e5

Model Learning

Model Learning

Exceed my rea-
soning bound?

Exceed human's
reasoning bound?

Hard for Human

Easy for Human

Easy for 
Model!!

Hard for 
Model!!

Hard-Len → Shorter

Easy-Len → Shorter

Hard-Len → Longer 

Easy-Len → Shorter

(a) Previous Efficient Reasoning Method with Static Difficulty.  

(b) Dynamic Reasoning Boundary Self-Awareness Framework (DR. SAF).

Boundary 
Self-aware 
Alignment

Adaptive 
Length 

Management

Boundary Preservation Mechanism

Question 1 Question 2 Question 3 Question 4

Static Length 
Management

Static shorter 
length prior

Figure 1: Traditional efficient reasoning training methods
(a) primarily determine the difficulty of questions based on
human-defined priors, while our dynamic reasoning bound-
ary self-awareness framework (b) judged the difficulty of
questions based on model self-awared reasoning boundary.

et al. 2025b; Jaech et al. 2024). As a result, Long CoT has
significantly advanced areas such as mathematical and log-
ical reasoning. Moreover, it has provided new insights into
the role of supervised fine-tuning (SFT) and reinforcement
learning (RL) in enhancing the learning and exploration of
extended reasoning chains (Qin et al. 2024; Min et al. 2024).

While achieving promising performance, the Long CoT
paradigm generates many redundant tokens, which severely
harms computational efficiency and leads to high applica-
tion latency (Wu et al. 2025; Sui et al. 2025; Feng et al.
2025). To mitigate this issue, several approaches focus on
optimizing reasoning length (Tu et al. 2025; Shi et al. 2025).
Specifically, recent studies apply compression techniques,
including static pruning thresholds that remove intermediate
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tokens (Luo et al. 2025b) and adaptive routing to more effi-
cient modules (Lu et al. 2025; Ling et al. 2025; Liang et al.
2025). Other approaches improve the model’s inherent abil-
ity to produce concise reasoning paths (Tu et al. 2025; Shi
et al. 2025). For instance, AdaptThink (Zhang et al. 2025a)
and DAST (Shen et al. 2025) dynamically adjust reasoning
depth based on predefined measures of problem complexity,
and Huang et al. (2025) extend these paradigms to human-
designed adaptive budgeting. However, as illustrated in Fig-
ure 1(a), current methods still depend on manually designed
static priors of difficulty and target length, while overlook-
ing each LLM’s evolving reasoning boundaries during train-
ing (Chen et al. 2024a). As a result, tasks initially labeled as
“simple” may still require long exploration for an LLM with
limited capability, whereas those labeled as “complex” may
later be solved intuitively via shorter reasoning, yielding in-
efficient reasoning and suboptimal performance.

To tackle this challenge, as shown in Figure 1 (b), we
present the Dynamic Reasoning-Boundary Self-Awareness
Framework (DR. SAF), which assesses problem difficulty
relative to a model’s reasoning capacity. Specifically, DR.
SAF consists of three key components: (1) Boundary Self-
Awareness Alignment enables LLMs to recognize their
real-time reasoning boundaries. This self-awareness allows
the model to assess the difficulty of a given question based
on its own capabilities, prompting self-guided adjustments
in reasoning depth and answer length. (2) Adaptive Length
Management further refines efficiency by adapting the re-
ward according to the model’s real-time boundaries. It en-
courages longer exploration beyond the Completely In-
feasible Reasoning Boundary (CIRB) and shorter reason-
ing within the Completely Feasible Reasoning Boundary
(CFRB), ensuring that the model does not oversimplify and
compromise quality. (3) Boundary Preservation Mecha-
nism maintains stability by preventing the collapse of real-
time reasoning boundaries during training, ensuring that all
correct responses receive non-negative reinforcement. These
innovations address the traditional trade-off issue between
efficiency and accuracy, enabling models to dynamically ad-
just their reasoning depth based on their capabilities.

DR. SAF enhances a model’s boundary self-awareness,
enforces boundary-driven length adaptation, and preserves
these boundaries, enabling real-time control of reasoning
depth without degrading performance. When evaluated on
six public benchmarks, applying DR. SAF to the distilled
Qwen-2.5 model reduces total response tokens by 49.27%
and achieves state-of-the-art token efficiency. Compared
with distilled model, DR. SAF delivers a 6.59x gain in token
efficiency. After additional continual training, the extremely
compressed DR. SAF model can even surpass traditional
instruction-based models in token efficiency and increase
accuracy by more than 16%. On the distilled Qwen-3 model,
DR. SAF reduces training steps by 80% compared with pre-
vious reinforcement-learning methods, making it attractive
for deployments with limited computational resources.

Our contributions can be summarized as follows:
• We first point out the limitations of existing efficient rea-

soning methods, which often rely on human-annotated
difficulty priors that do not align with LLMs’ reasoning

requirements. This misalignment leads to inefficient rea-
soning processes and suboptimal performance.

• We propose a novel DR. SAF framework, which enables
models to dynamically assess their own reasoning bound-
aries, adaptively manage length reward signals based on
problem feasibility, and prevent models from reasoning
boundary collapse.

• We demonstrate the effectiveness of DR. SAF through
extensive experiments on challenging benchmarks, re-
vealing substantial improvements in efficiency. The ex-
treme speedup can even enable LLMs to surpass the to-
ken efficiency of instruction models, while maintaining a
16% improvement in accuracy.

2 Preliminaries
2.1 The Efficient Reasoning Objective
Given an input x, the model generates an output y =
{S, a}, which consists of a reasoning step trajectory S =
(s1, s2, . . . , sT ) and a final answer a.

The objective of efficient reasoning is to develop a policy
that minimizes the reasoning path length while preserving
accuracy. Formally, the efficient reward is expressed as:

REff(y|x) = RAcc(y|x) + γRLen(y|x), (1)

where RAcc(y|x) provides a reward of 1 when y is correct,
RLen(y|x) ∝ −ℓy is the length reward, which is negatively
correlated with the response length ℓy , and γ is a constant
hyperparameter.

2.2 Group Relative Policy Optimization
We utilize Group Relative Policy Optimization (GRPO) to
optimize LLMs, an efficient, critic-free reinforcement learn-
ing method that reduces memory and computational costs.
Specifically, GRPO operates through group-wise advantage
estimation. For a given input, the policy model πθ gen-
erates a group of k outputs, Y = {y1, . . . , yk}, evalu-
ated by a reward function to yield reward group REff =
{REff(yi|x)}ki=1. The advantage for each output is computed
by normalizing its reward against the group’s statistics:

A(Y|x) = REff − µR

σR + ϵ
(2)

where µR and σR are the mean and standard deviation of
the rewards group REff, respectively. ϵ is a small constant to
prevent division by zero. The policy is refined by minimizing
the GRPO loss LGRPO, which amplifies actions with high
advantage and penalizes those with low advantage.

3 Methodology
To compress efficiently without sacrificing accuracy, we
introduce a three-module framework (see Figure 2): (1)
Boundary Self-Awareness Alignment enables model to
gauge question difficulty. (2) Adaptive Length Management
applies a discrete length-reward schedule that scales with
difficulty and reasoning bounds, preventing harmful over-
compression. (3) Boundary Preservation Mechanism stabi-
lizes optimization through advantage reshaping. Together,
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Figure 2: Main pipeline of Dynamic Reasoning-Boundary Self-Awareness Framework (DR. SAF), including Boundary Self-
Awareness Alignment (BSA), Adaptive Length Management (ALM), and Boundary Preservation Mechanism (BPM).

these modules, collectively called DR. SAF, offer a theory-
guided solution to balance efficiency and accuracy. Formal
proofs of each module’s effectiveness are in the Appendix.

3.1 Boundary Self-Awareness Alignment

First, the model develops self-awareness of whether a given
task falls within its reasoning capabilities. As shown in
the green area of Figure 2, the model calibrates perceived
task difficulty against its real-time accuracy; any gap be-
tween expected and observed performance incurs a reward
penalty. Specifically, we employ Boundary Self-Awareness
Alignment (BSA) with a format-based reward. Guided by
carefully designed prompts, the model evaluates its profi-
ciency on each problem: Inspired by Chen et al. (2024a),
if it determines a problem to be fully mastered, it classi-
fies it as within its Completely Feasible Reasoning Bound-
ary (CFRB) and provides more concise solution; otherwise,
it assigns the problem to its Partially Feasible Reasoning
Boundary (PFRB), initiating a deeper reasoning process.

Next, to enable adaptive boundary awareness, BSA as-
sesses the model’s accuracy across multiple runs of the same
problem. Following Chen et al. (2024a), we label prob-
lems with accuracy above 90% as CFRB and those below
90% as PFRB. When the model’s boundary classification
aligns with the problem’s true difficulty, resulting in a cor-
rect CFRB or PFRB judgment followed by a correct answer,
it receives a positive reward. Conversely, if it mislabels a
PFRB problem as CFRB and then answers incorrectly, it in-
curs a negative reward.

Formally, the reward function is defined as:

RAware(y|x) =



+α1, if Acc(Y|x) ≥ 90%∧
Aware(x) < CFRB;

+α1, if Acc(Y|x) < 90%∧
CFRB≤Aware(x)≤PFRB;

−α2, otherwise,

(3)

where α1 and α2 are positive constants that scale the re-
wards, Acc(Y|x) is the model’s empirical accuracy on in-
put x, and Aware(x) denotes the model’s self-assessed dif-
ficulty for x. This framework continuously calibrates the
model’s self-awareness of reasoning boundaries based on
performance feedback. We first establish golden RB based
on the actual accuracy of the rollout group. Then, each re-
sponse is assigned a predicted RB, with a positive reward for
a match and a negative reward for a mismatch. As a result,
rewards for different responses to the same problem vary.

3.2 Adaptive Length Management
Unlike traditional compression tasks, which focus on uni-
fied length penalties, Adaptive Length Management (ALM)
introduces staged incentives to generate suitable response
lengths. As illustrated in the purple area of Figure 2, tasks
in CFRB that LLM already masters receive compression re-
wards, driving concise reasoning. For low-accuracy tasks
beyond Completely Infeasible Reasoning Boundary (CIRB),
we give extension rewards to longer incorrect answers,
prompting the model to elaborate for deeper exploration.

Specifically, based on k sampling results, we select a cor-
rect sample set C. First, we determine the minimum number
of tokens required to maintain a question within the CFRB.
Formally, we define ℓ̄CFRB, the median response length for
correct samples in C, as the model’s required length for mas-
tery within CFRB. Based on this, we then define two reward
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types: (1) the compression reward δcomp for fully mastered
questions. It rewards answers under CFRB whose length ℓ
should be below the CFRB mean ℓ̄CFRB. (2) the extension
reward δext for exploration-needed questions, those beyond
CIRB. Here the answer length ℓ should exceed ℓ̄CFRB (if no
correct sample exists, the length threshold will degrade to
the average length of all samples ℓ̄All). Formally, the adap-
tive reward for ALM is:

RLen(y|x) =


δcomp if Acc(Y|x)>90% ∧ ℓ≤ ℓ̄CFRB
δext if Acc(Y|x)<10% ∧ ℓ>ℓ̄CFRB
0 otherwise

(4)

where δcomp < RAcc and δext < RAcc are positive constants
smaller than the accuracy reward RAcc.

3.3 Boundary Preservation Mechanism
Training models with only length penalties and correctness
rewards often leads to a common issue known as boundary
collapse. In this case, the model excessively compresses rea-
soning chains, causing the advantage of correct responses
to fall below zero. As a result, valid reasoning boundaries
collapse, and infeasible ones arise, both undermining per-
formance and destabilizing training. As illustrated in yellow
part of Figure 2, we address this by enforcing non-negative
advantages for all correct responses.

Let C represent the set of correct responses, which de-
fines the feasible region. This region includes responses that
meet all correctness, length, and awareness criteria within
the CFRB, as well as correct responses that may violate
secondary preferences (such as length) within the PFRB.
Both categories are considered feasible, ensuring that ev-
ery output yi ∈ C receives a non-negative advantage. For-
mally, for a given input x, we sample a group of k outputs,
Y = {y1, . . . , yk}, and calculate the total efficient rewards
REff = {REff(yi|x)}ki=1 as follows:

REff(yi|x) = RAcc(yi|x)+RLen(yi|x)+RAware(yi|x). (5)

The Boundary Preservation Mechanism (BPM) ensures
that correct responses, regardless of length, are not unduly
suppressed, thereby preventing boundary collapse. Specif-
ically, we utilize the efficient reward function and the
method for calculating boundary preservation advantages.
To achieve this, truncated-mean normalization is applied
to the output sample group. The advantages of boundary
preservation mechanism A are computed as follows:

µtrunc
R = min(µR,min

yi∈C
REff(yi|x)), (6)

where C is the set of correct responses. This step ensures that
the decision boundary for correct responses is preserved,
preventing the model from assigning negative advantages
to correct but length-variant answers. Next, the boundary
preservation advantages are computed as:

APre(Y|x) =
REff − µtrunc

R
σR + ϵ

, (7)

where µR and σR are the untruncated mean and standard de-
viation of reward group REff. By bounding the group mean

as µtrunc
R , we ensure:

∀yi ∈ C : APre(yi|x) =
REff(yi|x) − µtrunc

R
σR + ϵ

≥ 0. (8)

This safeguard guarantees that correct responses, regardless
of length variation, always receive a non-negative advantage.
By enforcing this, the Boundary Preservation Mechanism
ensures that valid outputs never receive suppressed advan-
tages, thus preventing boundary collapse.

4 Experiments
4.1 Experimental Setup
We utilize verl (Sheng et al. 2024) as the reinforce-
ment learning framework on 8 A100-80G GPUs. We ran-
domly sample 5,000 instances from the DeepMath103K (He
et al. 2025) as training set, and trained DR. SAF based
on two LLMs, R1-distill-Qwen-2.5-7B (Guo et al. 2025)
and R1-distill-Qwen-3-8B (Guo et al. 2025). We validate
the effectiveness of strategies on AIME24 (AIME 2024),
GSM8K (Cobbe et al. 2021), Math-500 (Lightman et al.
2024), AMC23 (AMC 2023), OlympiadBench (He et al.
2024), and AIME25 (AIME 2025). We report three met-
rics: Accuracy (ACC in %), average response token length
(LEN), and token efficiency (EFF). The Token Efficiency
(EFF) is defined as the ratio of Accuracy to Length (EFF =
ACC / LEN in %), serving as an indicator of the correctness
and reasoning efficiency trade-off.

For comprehensive comparison, we adopt three repre-
sentative paradigms as baselines for efficient reasoning: (1)
Prompting Strategies: Dynasor-CoT (Fu et al. 2025b) and
DEER (Yang et al. 2025) activate early-exit mechanisms
during reasoning; ThinkSwitcher (Liang et al. 2025) trains a
switcher to dynamically choose between long and short CoT.
(2) Offline Strategies: OverThink (Chen et al. 2024b) fine-
tunes on the shortest generated answers. Spirit (Cui et al.
2025) and ConCISE-SimPO (Qiao et al. 2025) prune tokens
based on confidence scores via supervised fine-tuning or di-
rect preference training. AdaptThink (Zhang et al. 2025a)
and DAST (Shen et al. 2025) incorporate human-defined
difficulty priors to learn efficient reasoning trajectories. On-
line Strategies: Length-Penalty (Arora and Zanette 2025)
encourages compress all outputs; FEDH (Ling et al. 2025)
applies a human-defined length prior to promote concise
reasoning process. Additionally, we compare the token ef-
ficiency of instruction models, like Qwen2.5-Ins (Yang et al.
2024a) and Qwen2.5-Math (Yang et al. 2024b).

4.2 Experimental Results
Offline methods yield high accuracy but are less token-
efficient than online methods. Offline approaches use
gold-standard reasoning trajectories, raising accuracy by
more than 6% on AIME24 (see in Table 1); however, their
longer reasoning chains increase token consumption. In con-
trast, online methods are more economical, forcing fewer to-
kens and shorter reasoning paths while maintaining competi-
tive accuracy. Thus, whereas offline methods maximize pre-
cision, online methods achieve a superior balance between
accuracy and token efficiency.
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Model Name GSM8K MATH500 AIME24 AMC OlymBench AIME25
ACC LEN EFF ACC LEN EFF ACC LEN EFF ACC LEN EFF ACC LEN EFF ACC LEN EFF

Qwen2.5-7B-Ins 90.9 279 32.58 74.2 567 13.09 12.0 1016 1.18 47.5 801 5.93 39.2 827 4.74 7.6 1240 0.61
Qwen2.5-7B-Math 93.2 439 21.23 63.4 740 8.57 19.0 1429 1.33 62.5 1022 6.12 31.5 1037 3.04 4.0 2562 0.16
Qwen2.5-7B-Math-Ins 95.2 323 29.47 81.4 670 12.15 10.3 1363 0.76 60.0 1029 5.83 38.9 1027 3.79 9.3 2087 0.45

R1-Distill-Qwen2.5-7B 92.4 1833 5.04 90.8 3854 2.36 49.2 10200 0.48 90.0 6476 1.39 66.1 7789 0.85 35.0 10518 0.33
+ ThinkSwitcher 92.5 1389 6.66 91.3 3495 2.61 48.3 7936 0.61 – – – 57.0 5147 1.11 37.5 6955 0.54
+ Dynasor-CoT 89.6 1285 6.97 89.4 2661 3.36 46.7 12695 0.37 85.0 5980 1.42 – – – – – –
+ DEER 90.6 917 9.88 89.8 2143 4.19 49.2 9839 0.50 85.0 4451 1.91 – – – – – –
+ OverThink 91.4 879 10.39 92.9 2405 3.86 50.0 9603 0.52 – – – – – – – – –
+ Spirit 87.2 687 12.68 90.8 1765 5.14 38.3 6926 0.55 – – – – – – – – –
+ ConCISE-SimPO 92.1 715 12.88 91.0 1945 4.68 48.3 7745 0.62 – – – – – – – – –
+ DAST 86.7 459 18.89 89.6 2162 4.14 45.6 7578 0.60 – – – – – – – – –
+ AdaptThink 91.0 309 29.45 92.0 1875 4.91 55.6 8599 0.65 85.0∗ 4265∗ 1.99∗ 58.4∗ 5988∗ 0.98∗ 38.3∗ 10380∗ 0.37∗
+ Length-Penalty 87.2 263 33.16 89.1 2121 4.20 51.9 7464 0.70 82.5 4411 1.87 59.8 4919 1.22 33.3 8902 0.37
+ FEDH 90.1 218 41.33 88.5 1306 6.50 42.3 7242 0.58 – – – – – – – – –
+ DR. SAF 88.1 162 54.38 88.3 1061 8.32 50.6 6288 0.80 90.0 3096 2.91 59.4 3259 1.82 38.2 6764 0.56

R1-Distill-Qwen3-8B 94.2 2135 4.41 90.6 7051 1.28 67.9 20155 0.34 83.5 11931 0.70 60.1 12895 0.47 62.9 20992 0.30
+ FEDH∗ 94.4 2014 4.69 92.6 6761 1.37 61.3 13463 0.42 94.7 11928 0.79 63.5 12353 0.51 46.7 14730 0.32
+ Length-Penalty∗ 93.3 604 15.45 92.4 2581 3.58 63.7 12303 0.52 89.2 6166 1.45 68.4 7383 0.93 54.7 12446 0.44
+ DR. SAF 92.3 521 17.72 93.3 2168 4.30 66.0 9807 0.67 95.6 4003 2.39 71.3 5766 1.24 57.9 10692 0.54

Table 1: Performance comparison. Bold marks the best baseline score per metric. For each method we report its most token-
efficient variant. Here, “ ”: prompting strategies, “ ”: offline strategies, “ ”: online strategies. Rows are ordered by token
efficiency on GSM8K. “∗” indicates results reproduced in this study.

DR. SAF performs state-of-the-art token efficiency with
minimal accuracy degradation. We next report the main
results on token efficiency, overall efficiency, and accuracy.
As shown in Table 1, DR. SAF demonstrates superior per-
formance in reasoning length and token efficiency. DR. SAF
reduces the average response token count by 26.53% com-
pared with Length Penalty.

The gains are most pronounced on GSM8K with all data
within CFRB, where DR. SAF delivers over 90% shorter
reasoning and nearly 10x higher token efficiency than the
distilled backbone.

DR. SAF markedly increases LLM token efficiency rel-
ative to static difficulty-based reasoning. As shown in
Table 1, DR. SAF is evaluated against two representative
static baselines, AdaptThink and DAST, whose difficulty
and length are fixed based on human prior. Because these
baselines cannot adapt to variations in complexity relative
to the model’s capabilities, they often allocate more tokens
than necessary. In contrast, DR. SAF dynamically updates
its efficiency during reasoning, reducing the average token
count by 34.33%. On GSM8K in particular, it achieves a
token-efficiency rate of 54.38%, outperforming AdaptThink
by more than 20%. This adaptive mechanism consistently
delivers higher token efficiency across all benchmarks.

DR. SAF shows significant performance improvements
on stronger LLMs. As shown in Table 1, compared to
R1-Distill-Qwen3-8B, DR. SAF achieves comprehensive to-
ken efficiency gains: on GSM8K, token efficiency improves
from 4.41 to 17.72 (302% increase) with minimal accuracy
trade-off; on MATH500, both accuracy (90.6% to 93.3%)
and token efficiency (1.28 to 4.30, 236% improvement) in-
crease; on AMC, accuracy rises from 83.5% to 95.6% while
token efficiency improves by 241%. These results demon-
strate that DR. SAF achieves an excellent balance between
computational efficiency and performance.
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Figure 3: Comparing the extreme efficiency of DR. SAF
(DR. SAF-Ext) with traditional instruction models and cur-
rent SOTA reasoning efficient techniques.

4.3 Feature Analysis of DR. SAF
In this section, we analyze the key feature of DR. SAF by
addressing three central questions: (1) Can DR. SAF outper-
form its original instruction backbone in token efficiency?
(2) Does DR. SAF offer improved training speed? (3) Does
DR. SAF focus solely on reasoning compression without en-
hancing overall performance?

Answer1: DR. SAF can achieve comparable, or even su-
perior, token efficiency to traditional instruction mod-
els across all benchmarks. As shown in Figure 3, earlier
techniques match instruction models only on simple datasets
such as GSM8K, falling short by over 40% on more complex
tasks. In contrast, the further compressed variant DR. SAF-
Ext consistently maintains, and even exceeds, the token ef-
ficiency of instruction models across varying task complex-
ities. On the CFRB benchmarks (GSM8K and MATH-500),
it doubles the token efficiency of prior methods while match-
ing instruction models. On average, DR. SAF improves to-
ken efficiency by 211% over previous SOTA approaches and
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Figure 5: Training efficiency comparison of DR. SAF vs.
FEDH on R1-Distill-Qwen-3-8B.

Model Name ACCAVG LENAVG EFFAVG

DR. SAF 75.28 2773.2 13.65

w/o BSA 74.98 3219.9 8.04
w/o ALM 67.54 2105.1 11.96
w/o BPM 67.87 2543.6 13.65

Table 2: Ablation analysis of the model’s average accuracy,
length, and efficiency scores across GSM8K, MATH500,
AIME24, AMC, and OlymBench.

increases accuracy by 16.15% relative to instruction models.

Answer2: DR. SAF achieves significant compression
training speedup. Compared to previous RL methods, as
shown in Figure 5, DR. SAF reduces training time by up to
5-6 times while maintaining high efficiency. This speedup is
particularly evident in large-scale datasets, where DR. SAF
minimizes the computational cost associated with model
training. Benchmarks indicate that DR. SAF’s compression
strategy not only enhances training speed but also ensures
minimal loss in model performance, with accuracy even
improved. These results demonstrate DR. SAF’s ability to
achieve fast and efficient training, making it highly scalable
for practical applications.

Answer3: DR. SAF achieves performance improvement
during compression while length penalty-based methods

DR. SAF DR. SAF w/o ALM

20

30

40

50

60

0 20 40 60 80

A
cc

ur
ac

y 
(%

)

Training Steps

82
84
86
88
90
92

2000

4000

6000

8000

10000

0 20 40 60 80

0

100

200

300

400

Token: 131
Extremely Efficient Token

(a) Accuracy on GSM8K (b) Token length on GSM8K

(c) Accuracy on AIME 2024 (d) Token length on AIME 2024

A
cc

ur
ac

y 
(%

)

To
ke

n 
Le

ng
th

To
ke

n 
Le

ng
th

Training Steps

Figure 6: Trends in accuracy and response length during
training with Adaptive Length Management.

decrease the performance. In contrast to length penalty-
based methods, which often lead to performance degrada-
tion during compression, as shown in Figure 5 (a,c), DR.
SAF demonstrates a unique ability to enhance model per-
formance even as it compresses reasoning length. As a re-
sult, DR. SAF not only maintains high accuracy but also im-
proves it in many cases.

4.4 Module Effect Analysis of DR. SAF
This section evaluates the key effects of each module in DR.
SAF with three central questions: (1) Does BSA enhance the
model’s boundary self-awareness, thereby improving token
efficiency? (2) Does ALM adaptively control token length to
simultaneously improve accuracy and efficiency? (3) Does
BPM prevent reasoning boundary collapse during compres-
sion training, thus preserving model performance?

Answer1: Boundary Self-Awareness Alignment is cru-
cial for DR. SAF efficiency. We assess the effectiveness
of the Boundary Self-Awareness Mechanism by ablating it
from the DR. SAF. As shown in Table 2, token efficiency
decreases by more than 40% without this component. Fur-
ther, Figure 4 reveals that, during training, the model’s pre-
dicted task difficulty progressively aligns with its actual rea-
soning accuracy. Notably, the models with the highest and

30266



Correct sample Incorrect sample CFRB PFRB

(b) The reasoning boundaries of R1-Distill-
Qwen-2.5-7B (Baseline) on BigGSM.
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Figure 7: Boundary Preservation Mechanism’s impact on reasoning boundaries on BigGSM (Chen et al. 2024a).
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Figure 8: Accuracy trend produced during training by the
boundary-preservation mechanism

second-highest alignment scores also achieve the highest
and second-highest levels of token efficiency, respectively.

Answer2: Adaptive Length Management is crucial for
both accuracy and efficiency in DR. SAF. Replacing
Adaptive Length Management with a simple length penalty
lowers average response length by 7.74% and token effi-
ciency score by 1.69 (Table 2). Figure 6 further shows that,
although the penalty initially shortens reasoning in CFRB
(GSM8K), efficiency declines once responses fall below a
critical threshold or when tackling harder problems such as
AIME. These results confirm that ALM is necessary to sus-
tain the optimal trade-off between brevity and efficiency.

Answer3: The Boundary Preservation Mechanism effec-
tively mitigates reasoning boundary collapse in DR. SAF.
As shown by the ablation results in Table 2, removing this
module reduces accuracy by 7.41% without affecting token
efficiency, indicating that BPM primarily preserves reason-
ing boundaries rather than enhancing compression. This ef-
fect is further supported by Figure 7, where BPM increases
Out-of-Domain accuracy on BigGSM from 54.8% to 60.7%,
and DR. SAF maintains superior performance even under
extreme token compression (DR. SAF-Ext), highlighting
BPM’s robustness across compression levels. Consequently,
BPM effectively prevents substantial performance degrada-
tion across diverse tasks and benchmarks.

5 Related Work
Existing work on efficient reasoning largely falls into two
categories. The first, confidence-aware methods, aims to al-
locate compute only when needed. This is achieved either
through during-reasoning techniques like dynamic early ex-
iting based on output probabilities or structural confidence
(Lu et al. 2025; Yang et al. 2025; Qiao et al. 2025; Eo et al.
2025; Ding et al. 2025; Wu et al. 2025), or via pre-reasoning
triggers that determine the necessity of reasoning in the first
place (Ding et al. 2024; Ong et al. 2025; Saha et al. 2025;
Pan et al. 2024; Luo et al. 2025a; Zhang et al. 2025c; Li
et al. 2025a; Zhang et al. 2025a; Huang et al. 2025). The sec-
ond category focuses on optimizing reasoning path length.
Early reinforcement learning (RL) approaches used direct
length penalties (Lou et al. 2025; Team et al. 2025; Yeo
et al. 2025; Luo et al. 2025b; Ling et al. 2025), while more
recent work explores training-free inference-time compres-
sion (Fu et al. 2025a; Lin et al. 2025) and adaptive rewards
that link Chain-of-Thought (CoT) length to problem diffi-
culty (Tu et al. 2025; Shi et al. 2025; Qu et al. 2025; An
et al. 2025; Ling et al. 2025).

However, these traditional methods predominantly rely on
fixed, human-defined difficulty levels. In contrast, DR.SAF
introduces a self-aware system capable of dynamically ad-
justing the depth of reasoning according to the model’s in-
ternal capabilities and the real-time complexity of the task.
This approach enhances both efficiency and accuracy.

6 Conclusion
In this work, we introduce the Dynamic Reasoning-
Boundary Self-Awareness Framework (DR.SAF) to incor-
porate a self-aware system that adjusts the reasoning depth
according to the model’s internal capabilities and real-time
task complexity, thereby improving both efficiency and ac-
curacy. Extensive experiments on benchmarks such as Math-
500 and AIME demonstrate that DR.SAF cuts response to-
kens 5̃0% and trains 5x faster than long chain-of-thought
baselines, yet keeps top-tier accuracy across 6 benchmarks.
This framework sets the foundation for more scalable, effi-
cient, and reliable LLMs in real-world applications, balanc-
ing reasoning depth with performance.
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