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Abstract

Large Reasoning Models (LRMs) have
achieved remarkable success on complex tasks
by leveraging long chain-of-thought (CoT) tra-
jectories, yet they frequently exhibit overthink-
ing on simple queries, resulting in significant
token overhead and reduced inference effi-
ciency. However, existing compression meth-
ods predominantly apply uniform length reduc-
tion or rely on coarse-grained difficulty estima-
tion, often leading to performance degradation
on difficult problems. To address this limita-
tion, we propose Confidence-Adaptive Think-
ing (CAT), a framework that incorporates the
model’s intrinsic self-certainty signals as con-
fidence into the preference optimization pro-
cess, which autonomously modulates reason-
ing lengths based on problem difficulty. Ex-
perimental results show that CAT consistently
outperforms state-of-the-art baselines on rea-
soning accuracy across multiple benchmarks
on different base models. Our work enables
LRMs to effectively compress confident re-
sponses while deliberating on uncertain ones,
offering a potentially robust solution for balanc-
ing accuracy and latency in practical industrial
scenarios.

1 Introduction

Recently, large reasoning models (LRMs) have
rapidly emerged and made substantial progress on
complex natural language processing (NLP) tasks,
as exemplified by OpenAI-o1 (OpenAI, 2024) and
DeepSeek-R1 (DeepSeek-AI, 2025). These models
are equipped with the ability to generate long rea-
soning chains, demonstrating strong potential on
challenging reasoning problems such as mathemat-
ical competitions (Xu et al., 2025). However, while
LRMs heavily rely on long chain-of-thought (CoT)
traces to perform well on difficult tasks, they tend
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to produce redundant reasoning and self-reflection
for simple inputs, incurring pronounced overthink-
ing and token overhead (Chen et al., 2024; Feng
et al., 2025; Liu et al., 2025; Sui et al., 2025). This
behavior leads to verbose thought chains that in-
crease computation cost and reduce overall infer-
ence efficiency. Accordingly, how to enable LRMs
to dynamically adjust token consumption based on
the input difficulty has attracted increasing atten-
tion, determining the practical industrial usability
of LRMs in terms of the balance between accuracy
and latency (Shen et al., 2025a).

Most of the existing approaches focus on rea-
soning compression and length control predom-
inantly, which treat shortening reasoning chains
as the primary objective (Qu et al., 2025) and ap-
ply a uniform reduction of reasoning tokens to all
the queries (Xia et al., 2025; Chen et al., 2024;
Ma et al., 2025; Munkhbat et al., 2025). While
such methods can substantially decrease generation
length, they often incur non-trivial performance
degradation on difficult problems, since complex
tasks still require sufficient reasoning depths and
lengths to sustain accurate answers (Muennighoff
et al., 2025; Zeng et al., 2024). Another line of
work resorts to difficulty-adaptive reasoning to mit-
igates the imbalance between overthinking for eas-
ier instances and underthinking for harder ones.
This category of methods tends to dynamically ad-
just the budget of output tokens based on the model
performance (Shen et al., 2025a).

However, existing works on adaptive reasoning
still face a severe challenge of coarse-grained dif-
ficulty estimation. Current methods utilize the ac-
curacy of model outputs to measure the problem
difficulty and roughly determine the output length
(Shen et al., 2025a). We argue that this coarse-
grained estimation heavily relies on external labels
and provides a partial assessment merely on the
answer, rather than measuring the quality of the
whole reasoning chains generated by LRMs.



To address this limitation, we propose CAT
(Confidence-Adaptive Thinking), an adaptive rea-
soning framework driven by the model’s intrin-
sic confidence. Inspired by recent works on the
quality estimation from the model’s internal token
distributions (Fu et al., 2025; Geng et al., 2024;
Fadeeva et al., 2024), our main idea is to leverage
self-certainty (Kang et al., 2025) as the intrinsic
fine-grained indicator to distinguish high-quality
reasoning trajectories from erroneous ones. Firstly,
CAT employs self-certainty as the model’s intrin-
sic confidence metric to estimate the quality of
generated reasoning trajectories, which reflects the
problem difficulty. Based on the separation of con-
fidence and lengths between different trajectories,
we further construct preference data to make the
model capture the relationship between problem
difficulties and output lengths. Secondly, we de-
vise a confidence-weighted preference optimiza-
tion (CWPO) method, which weights the vanilla
preference optimization objective with confidence.
This encourages the model to compress reasoning
steps under high confidence while retaining nec-
essary exploration otherwise, thereby mitigating
overthinking for simple cases and maintaining rea-
soning performance especially for hard ones.

In summary, our main contributions are1:

• We introduce the confidence-adaptive think-
ing (CAT) framework that shifts the paradigm
of efficient reasoning from external supervi-
sion to intrinsic confidence awareness. CAT
enables reasoning models to autonomously
perceive problem difficulty and modulate their
thinking depth.

• We propose the confidence-weighted prefer-
ence optimization (CWPO) objective that dy-
namically weights the vanilla objective based
on the calibration ratio of confidence to length.
CWPO mitigates overthinking while preserv-
ing the model’s ability to explore complex
reasoning paths if necessary.

• We conduct extensive experiments across
three challenging benchmarks and show supe-
rior performance of CAT over state-of-the-art
baselines on the balance between inference
efficiency and reasoning accuracy.

1Our codes are available at https://github.com/
Jiang9732/CAT-code.

2 Related Work

Efficient Reasoning in LRMs. Recent studies
have increasingly focused on the phenomenon of
overthinking in large reasoning models (Sui et al.,
2025; Wu et al., 2025; Wang et al., 2025). Exist-
ing efficient reasoning methods can generally be
categorized into two streams. The first involves
training strategies to equip LRMs with the abil-
ity to generate concise reasoning chains, spanning
from supervised fine-tuning (Cui et al., 2025; Xia
et al., 2025) to reinforcement learning (Shen et al.,
2025a; Aggarwal and Welleck, 2025; Luo et al.,
2025; Yu et al., 2025). The second category com-
prises inference-time methods, including prompt-
ing (Han et al., 2025; Renze and Guven, 2024;
Nayab et al., 2024), task routing (Chuang et al.,
2025; Ong et al., 2025), latent space compression
(Hao et al., 2024; Shen et al., 2025b), and dynamic
decoding (Sun et al., 2024; Zhang, 2025).

Compared with existing works on training meth-
ods of efficient reasoning, our work utilizes the
model’s confidence as the estimation of problem
difficulty, instead of solely depending on external
reward models and extrinsic metrics. This makes
the full usage of the model’s intrinsic property to
achieve adaptive reasoning.
Confidence Utilization in LRMs. Recent works
have shown that the model confidence potentially
indicate the quality of reasoning chains (Fu et al.,
2025; Geng et al., 2024; Kang et al., 2025; Fadeeva
et al., 2024). As one of the representative metrics
to reflect confidence, self-certainty (Kang et al.,
2025) has been primarily applied to Best-of-N se-
lection (Fu et al., 2025). For comparison, our work
uses self-certainty as the model’s confidence to self-
evaluate the quality of generated reasoning chains,
which guides the adaptive thinking via preference
optimization, instead of merely injecting it into the
inference stage.

3 Methodology

3.1 Task Definition and Method Overview
Given an input question x, our goal is to acquire
a reasoning trajectory y that contains a multi-step
reasoning process and a final answer. Under the
precondition of accuracy, y is required to become
short for simple problems while being long for hard
ones if necessary.

An overview of our framework is presented in
Figure 1. Firstly, we sample multiple reasoning
trajectories for each question and compute their
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Figure 1: Overview of the CAT framework.

path-level self-certainty scores as confidence via a
dedicated forward pass (Section 3.2.1). Secondly,
we construct preference pairs based on the confi-
dence and lengths, and apply dynamic selection to
prioritize more informative supervision (Section
3.2.1). Finally, we fine-tune the base LRM with a
confidence-weighted preference optimization ob-
jective, which incorporates confidence and lengths
to further modulate the preference strength, achiev-
ing conditional length regulation (Section 3.2.2).

3.2 Confidence-Adaptive Thinking

Our confidence-adaptive thinking framework con-
sists of two stages, including confidence-aware
preference labeling and confidence-weighted pref-
erence optimization. While the first stage aims
to incorporate confidence as intrinsic signals to
construct fine-grained preference pairs, the second
stage further utilizes confidence to further enhance
the preference optimization objective.

3.2.1 Confidence-Aware Preference Labeling
To build the preference dataset, we first sample K
reasoning trajectories {y(k)}Kk=1 for the question x
from the base reasoning model, each of which is
a token sequence y(k) =

(
y
(k)
1 , . . . , y

(k)
nk

)
with the

length of nk. The goal of this stage is to construct a
preference dataset D = {(x, yw, yl, s)}, where yw
and yl denote the winning and losing trajectories

for the same input x, and s indicates the confidence-
calibrated preference score.

Self-Certainty as Intrinsic Confidence. To cap-
ture the model’s intrinsic confidence during rea-
soning, we follow Kang et al. (2025) to employ
self-certainty, which can also serve as a trajectory-
level quality measure. Formally, assuming that
pθ(· | x, y≤i) denotes the next-token distribution
at i-th position, V indicates the vocabulary size,
and U represents the uniform distribution over V ,
self-certainty (SC) can be computed as follows:

SC(x, y) = − 1

nV

n∑
i=1

V∑
j=1

log
(
V ·pθ(j | x, y≤i)

)
(1)

which corresponds to measuring the KL divergence
DKL

(
U ∥ pθ(· | x, y≤i)

)
and averaging this quan-

tity over i. Intuitively, a larger divergence from the
uniform distribution implies a more peaked (and
thus more certain) predictive distribution, leading
to higher SC. Conversely, a distribution closer to
uniform is flatter, indicating greater uncertainty and
yielding lower SC.

Preference Pair Construction. We consider
three important factors of each trajectory to con-
struct the preference dataset: (i) the correctness of
the answer, (ii) the length, and (iii) the intrinsic con-
fidence based on SC in Eq. (1). We emphasize that



SC is a complementary to external factors, which
estimates trajectory-level fine-grained qualities and
determines the strength of pairwise preferences.

Inspired by Shen et al. (2025a), we catego-
rize preference pairs into two types: Conciseness
Pairs (CPs), formed by two correct trajectories
where the preferred one is shorter; and Delibera-
tion Pairs (DPs), formed by two incorrect traces
where the preferred one is longer. Unlike prior ap-
proaches that calibrate preference strength using
per-question fixed budgets or external difficulty es-
timation, CAT uses only model-internal evidence
to modulate pairwise preference score s.

For each input question x and its K candidate
reasoning paths, we consider the margin between
both lengths and self-certainty to acquire the prefer-
ence score as s. Specifically, given a candidate pair
(x, yw, yl), we first compute the margin in terms of
self-certainty, lengths, and correctness:

∆r = r(yw)− r(yl)

∆SC = SC(x, yw)− SC(x, yl)
(2)

where SC(·) can be acquired by Eq.(1) and r(·)
is a factor with respect to reasoning lengths and
correctness:

r(y) =

{
+ 1

|y| if y is correct

− 1
|y| if y is incorrect

(3)

This design assigns the highest reward to short,
correct paths while imposing the lightest penalty
on long, incorrect paths. Conversely, short but
incorrect paths receive the most severe penalty.

For CPs, our intent is to favor short and confident
solutions and reject long and unconfident ones. We
therefore multiply r and SC so that a pair receives
stronger strength precisely when the winning path
yw is not only much more efficient but also more
internally decisive:

sCP(x, yw, yl) = ∆r ·∆SC (4)

For DPs, we want to prefer long and unconfi-
dent attempts over short and confident failures, dis-
couraging premature yet decisive mistakes. Ac-
cordingly, we reverse the confidence term, mak-
ing wrong trajectories with larger certainty receive
stronger penalties:

sDP(x, yw, yl) = ∆r ·
(
−∆SC

)
(5)

In both cases, larger scores of preference pairs
indicate potentially stronger and more discrimina-
tive preference signals for subsequent optimization.

Thus, we devise a Dynamic Pruning strategy to
select the preference optimization dataset based on
s. Concretely, for each query x, we rank the CP
and DP sets by their score s in descending order, re-
spectively, and retain only those pairs whose scores
fall within the top three highest score levels. We
then pool candidates from all the queries and sort
them globally based on the preference score s, trun-
cating the list by removing the bottom τ fraction,
where τ denotes the truncation ratio. Finally, to pre-
vent over-representing queries that produce many
high-scoring pairs, we enforce a per-query cap and
retain at most one CP and one DP per query in the
final preference dataset.

3.2.2 Confidence-Weighted Preference
Optimization (CWPO)

To adjust the model’s reasoning depth condition-
ally on its internal certainty, rather than applying a
uniform length bias to all the samples, we propose
the Confidence-Weighted Preference Optimiza-
tion (CWPO) objective that pioneers the use of in-
trinsic self-certainty directly within the alignment
loss landscape. Compared with the vanilla SimPO
objective (Meng et al., 2024), we dynamically mod-
ulated the scaling factors of the winning and losing
terms. Formally, the CWPO loss is computed as:

LCWPO(πθ) = −E(x,yw,yl)∼D

[
log σ

(
βw

|yw| log πθ(yw|x)−
βl
|yl| log πθ(yl|x)− γ

)] (6)

where the dynamic weights βw and βl are acquired
by the original βbase in SimPO and a calibration
ratio (ρ) based on self-certainty and lengths:

ρ(x, y) =
SC(x, y)
|y|α

(7)

where α ∈ (0, 1) is a length-aware exponent to
keep SC and |y| on a comparable scale for nu-
merical stability. This ratio imposes an additional
tunable length penalty so that confidence-guided
scaling can better align gradient allocation with
efficiency.

The CWPO loss sets different weights for con-
ciseness pairs (CPs) and deliberation pairs (DPs):
For CPs, where the model compares two correct re-
sponses, we define βw = βbase ·σ(ρ(x, yw)), while
symmetrically scaling the loser’s weight using the
inverse ratio βl = βbase·σ(ρ(x, yl)−1). This specif-
ically incentivizes the model to commit to reason-
ing paths that are both correct and concise. Con-
versely, for DPs, we focus on penalizing short and



Model
MATH 500 AIME 2024 GPQA

Acc↑ Len↓ C-Len↓ CR↑ C-CR↑ Acc↑ Len↓ C-Len↓ CR↑ C-CR↑ Acc↑ Len↓ C-Len↓ CR↑ C-CR↑

R1-1.5B 82.9 5087 3595 – – 28.9 16609 8473 – – 34.0 10100 9240 – –
OverThinkSimPO 82.3 3899 2482 23.4% 31.0% 27.8 12104 6224 27.1% 26.6% 35.7 8908 7967 11.8% 13.8%
DAST 85.5 4189 2635 17.7% 26.7% 30.0 13911 7667 16.2% 9.5% 36.7 9980 8993 1.2% 2.7%
ConCISESimPO 80.8 3449 2300 32.2% 36.0% 25.6 10947 5663 34.1% 33.2% 34.9 7890 6995 21.9% 24.3%
CAT (Ours) 86.1 4087 2736 19.7% 23.9% 31.1 12619 7155 24.0% 15.6% 37.0 9716 8348 3.8% 9.7%

R1-7B 91.7 3657 3200 – – 53.3 12831 7631 – – 49.2 8553 7382 – –
OverThinkSimPO 89.6 2421 1873 33.8% 41.5% 52.2 10030 5845 21.8% 23.4% 49.8 7270 5856 15.0% 20.7%
DAST 93.5 2997 2469 18.0% 22.8% 56.7 10804 7158 15.8% 6.2% 52.0 8068 7021 5.7% 4.9%
ConCISESimPO 89.5 2187 1805 40.2% 43.6% 48.9 8854 5333 31.0% 30.1% 50.2 6030 5011 29.5% 32.1%
CAT (Ours) 93.9 2431 1953 33.5% 39.0% 58.9 9880 5401 23.0% 29.2% 54.0 7781 6425 9.0% 13.0%

Qwen3-8B 96.2 5549 5088 – – 74.4 14437 12060 – – 59.9 7241 6354 – –
OverThinkSimPO 94.9 3478 3107 37.3% 38.9% 73.3 10545 7960 27.0% 34.0% 57.1 3712 3389 48.7% 46.7%
DAST 96.5 4402 3964 20.7% 22.1% 75.6 13433 10252 7.0% 15.0% 59.9 6380 5523 11.9% 13.1%
ConCISESimPO 94.1 2880 2551 48.1% 49.9% 74.4 10190 7961 29.4% 34.0% 58.6 3939 3464 45.6% 45.5%
CAT (Ours) 96.6 3546 3205 36.1% 37.0% 76.7 11774 9866 18.4% 18.2% 60.9 4819 4393 33.4% 30.9%

Table 1: Accuracy (Acc), the mean response length over all trajectories (Len) and trajectories with correct final
answers (C-Len), the percentage reduction in Len relative to the base model (CR), and the percentage reduction in
C-Len relative to the base model (C-CR) on three benchmark datasets, respectively.

erroneous answers with unearned confidence. We
set the penalty weight βl = βbase · σ(ρ(x, yl)) and
the winner’s weight βw = βbase · σ(ρ(x, yw)−1).
By integrating these internal signals, CWPO moves
beyond static length penalties, allowing the model
to autonomously judge when to compress reason-
ing and when to deliberate, achieving a balance
between efficiency and accuracy.

4 Experiments

4.1 Settings

Models and Datasets. We conduct comparative
experiments on three LRMs: DeepSeek-R1-Distill-
Qwen-7B (R1-7B) / 1.5B (R1-1.5B) (DeepSeek-AI,
2025) and Qwen3-8B (Yang et al., 2025). For the
training dataset, following Qiao et al. (2025), we
randomly select 2,000 questions from the MATH
training set (Hendrycks et al., 2021), maintaining
diversity in both difficulty and response length.
Benchmarks. We follow Shen et al. (2025a) to
select three benchmarks, including MATH-500
(Lightman et al., 2024), AIME24 (MAA, 2024),
and GPQA (Rein et al., 2023).
Baselines. We select several state-of-the-art meth-
ods for efficient reasoning as baselines, including
OverThink (Chen et al., 2024), DAST (Shen et al.,
2025a), and ConCISE (Qiao et al., 2025). For Con-
CISE, we choose the best-performing alternative
ConCISESimPO as the comparison baseline. All of
these methods are under the paradigm of preference

optimization with the SimPO objective.
Implementation Details. Following Shen et al.
(2025a), we generate 20 candidate responses per
question in our training set, and set the maximum
sequence length to 4,096 tokens. Based on the
hyperparameter analysis in Appendix B.2, the trun-
cation ratio (τ ) was set to 0.15. The preference
optimization is conducted within the SimPO frame-
work (Meng et al., 2024). We adopt low-rank adap-
tion (LoRA) (Hu et al., 2022) with the rank of
r = 32, scaling factor of α = 64, dropout rate
of 0.05. The training epoch is 1 while the batch
size is 16. The learning rate is 5e-5 for DeepSeek-
R1-Distill-Qwen-7B and Qwen3-8B, and 5e-6 for
DeepSeek-R1-Distill-Qwen-1.5B, as the weaker
1.5B backbone yields more DPs after CAPL and
thus benefits from more conservative optimization.
All the experiments are conducted on 2 NVIDIA
A800 GPUs. More training details are provided in
Appendix A.1. Decoding processes are executed
using the the OpenR1 evaluation scripts (Hugging
Face, 2025), with comprehensive decoding details
provided in Appendix A.2. The experimental re-
sults are presented with mean values over 3 runs.

4.2 Results and Analysis

4.2.1 Overall Results

The results in Table 1 show that CAT achieves the
highest accuracy (exceeding the backbone model)
on all the three benchmarks while maintaining an



(a) The distribution of SC for correct and incorrect responses. (b) Box plots of SC across varying response lengths.

Figure 2: Analysis of Self-Certainty (SC) distributions regarding response correctness and robustness to length on
the MATH dataset (Level 4), derived from 20 reasoning paths per question generated by Qwen3-8B (Lmax = 4096).

Benchmark Method Acc Len C-Len CR C-CR

MATH-500

Origin 91.7 3657 3200 – –
CAT 93.9 2431 1953 33.5% 39.0%

w/o CWPO 93.6 2869 2361 21.5% 26.2%
w/o CAPL 93.0 2512 2014 31.3% 37.1%

AIME24

Origin 53.3 12831 7631 – –
CAT 58.9 9880 5401 23.0% 29.2%

w/o CWPO 53.3 10859 6387 15.4% 16.3%
w/o CAPL 56.7 9131 5807 28.8% 23.9%

GPQA

Origin 49.2 8553 7382 – –
CAT 54.0 7781 6425 9.0% 13.0%

w/o CWPO 51.5 7877 6343 7.9% 14.1%
w/o CAPL 50.5 7745 6412 9.4% 13.1%

Table 2: Ablation study of Confidence-Aware Prefer-
ence Labeling and Confidence-Weighted Preference Op-
timization on DeepSeek-R1-Distill-Qwen-7B.

acceptable compression rate (CR), suggesting that
CAT can allocate reasoning steps adaptively to
obtain better performance. Although OverThink
and ConCISE attain the most substantial compres-
sion rates, they still incur an unavoidable loss in
accuracy relative to the backbone model. DAST
and CAT exhibit similar balancing trends between
task performance and compression, as both aim
to achieve adaptive compression while preserving
the model’s reasoning capability. Compared with
DAST, CAT delivers higher for all the base models,
and achieves higher CR and C-CR in most settings.
These results suggest that CAT is more effective at
adaptive reasoning, demonstrating effectiveness of
our proposed confidence-aware adaptive reasoning
approach based on the model’s intrinsic signals.

4.2.2 Ablation Study

To assess the key components in CAT, including
Confidence-Aware Preference Labeling (CAPL)
and Confidence-Weighted Preference Optimization

(CWPO), we conduct an detailed ablation study
by removing either CAPL (w/o CAPL, where pref-
erences are scored only by ∆r) or CWPO (w/o
CWPO, where we replace CWPO with vanilla
SimPO). The results in Table 2 show that all these
parts contribute to the final performance. We
observe that constructing preference pairs solely
based on length differences (w/o CAPL) yields
a higher compression ratio but leads to a larger
degradation in reasoning performance on most
tasks. This observation highlights the importance
of high-quality training data that provides difficulty-
adaptive reasoning signals.

Due to the paper limit, we further explore the
effect of Self-Certainty on CAT in Appendix B.1.

4.2.3 Analysis of Self-Certainty
To better understand how self-certainty helps the
model achieve an optimal balance between reason-
ing accuracy and length, we conduct a detailed
analysis on the reasoning trajectories generated by
Qwen3-8B of the MATH dataset.
SC effectively distinguishes correct and incor-
rect reasoning paths. In Figure 2a, we analyze
the distribution of self-certainty for correct and
incorrect responses on MATH (Level 4). The distri-
butions for correct and incorrect responses concen-
trate around distinct means, with correct responses
exhibiting a higher mean. This suggests that SC
can effectively distinguish correct from incorrect
reasoning trajectories and is strongly correlated
with response quality.
SC is robust to reasoning lengths. We analyze
self-certainty across responses of varying lengths.
As illustrated in Figure 2b, SC is not noticeably af-
fected by response lengths: across the entire length
range, the median (blue line) shows only a very



Q: A triangle has sides measuring 1 unit and 3 units. The length of the third side is an integer value of units. What is the length of 
the third side, in units?
[Ground Truth: 3]

[Thinking Process]
<think>
... Let me denote the third side as 'x'.
According to the triangle inequality... x < 4 ... x > 2 ... So, 
combining the first two inequalities... 2 < x < 4.
... The integers greater than 2 and less than 4 are 3.
Wait, let me double-check that. If x is 3...
... 1 + 3 > 3... true.
... 1 + 3 = 4 > 3... true.
... 3 + 3 > 1... true.
... Is there any other integer that could work? ... no, 3 is the 
only integer that works.
Wait, just to be thorough, what if x was 2? ... No...
What about x=1? ... No...
How about x=4? ... No...
... there might be cases where the triangle is degenerate...
Therefore, the only possible integer value for the third side 
is 3 units.
</think> 
[Final Response]
... The only integer in this range is 3.
Therefore, The length of the third side is 3.

backbone model
[Thinking Process]
<think>
... The two given sides are 1 unit and 3 units, and 
the third side has to be an integer...Let me denote 
the third side as x...
Let me list the three inequalities:... 4 > x, which 
means x < 4.... x > 2.... x > -2... this doesn't really 
add any new information...So... x has to be greater 
than 2 and less than 4. 
But wait, x is an integer... 3 is the only integer 
greater than 2 and less than 4.
Wait, let me check if that works. 
Let me plug x=3 into the inequalities....So yes, x=3 
works.
But wait, could there be another integer? ... 
integers are 3 only...So, the third side must be 3 
units long.
</think> 
[Final Response]
... 2 < x < 4... the only possible value is 3.
Therefore, the length of the third side is 3 units.

[Thinking Process]
<think>
…So, the sides are 1, 3, and x, where x is an 
integer.Applying the triangle inequality...
First inequality: 1 + 3 > x → 4 > x → x < 4. 
Second inequality: 1 + x > 3 → x > 2. 
Third inequality: 3 + x > 1 → x > -2
...So from the first two inequalities, x must be 
greater than 2 and less than 4... the possible 
integer values for x are 3.
Wait, let me check that again... x can be 3 only 
because 3 is an integer between 2 and 4.
Wait, but wait a second. If the two sides are 1 and 
3, and the third side is 3, does that form a valid 
triangle? ... So yes, all conditions are satisfied.
So the only possible integer value for the third 
side is 3.
</think> 
[Final Response]
The possible integer value for the third side is 3...
Therefore, the length of the third side is: 3.

981 tokens self-certainty: 17.1 DAST 656 tokens self-certainty: 16.6 CAT 573 tokens self-certainty: 17.8

Figure 3: Case study on DeepSeek-R1-Distill-Qwen-7B. All the three methods solve the problem correctly.
Compared with the backbone model and DAST that shorten the reasoning chain but lower self-certainty, CAT
further reduces the reasoning length and yields higher self-certainty.

Benchmark Method Acc Len C-Len CR C-CR

MATH-500
Origin 91.7 3657 3200 – –
DPO 92.7 2827 2188 22.7% 31.6%

CWPODPO 93.8 2722 2134 25.6% 33.3%

AIME24
Origin 53.3 12831 7631 – –
DPO 53.3 10187 6145 20.6% 19.5%

CWPODPO 58.9 10720 5532 16.5% 27.5%

GPQA
Origin 49.2 8553 7382 – –
DPO 50.7 8353 7057 2.3% 4.4%

CWPODPO 53.0 8326 6864 2.7% 7.0%

Table 3: Results of DPO and CWPODPO on DeepSeek-
R1-Distill-Qwen-7B.

slight downward trend, which is largely attributable
to the fact that shorter responses contain a higher
proportion of correct trajectories, indicating that
SC is stable regardless of reasoning lengths.

4.2.4 Generalization Across Preference
Optimization Methods

To test the generalization ability of our method, we
further apply our method to DPO in addition to
SimPO, and assess the performance on DeepSeek-
R1-Distill-Qwen-7B using the same preference
pairs constructed by CAPL. The DPO-version
CWPO objective (denoted as CWPODPO) is slightly
different from vanilla CWPO, which is detailed
in Appendix C. The results in Table 3 indicate
that CWPODPO beats standard DPO in most of the
metrics on three benchmarks, demonstrating the
promising generalization ability to different prefer-
ence optimization methods.

4.2.5 Case Study
To intuitively illustrate how CAT affects reasoning
behaviors, we present a case study on DeepSeek-
R1-Distill-Qwen-7B in Figure 3. We observe that
all the three methods reach the correct answer
but exhibit different reasoning lengths and self-
certainty. The backbone model repeatedly verifies
the same inequalities and explicitly checks invalid
alternatives. DAST reduces the reasoning length
with lower self-certainty, while still retaining addi-
tional verification beyond the core derivation. In
comparison, CAT achieves the shortest reasoning
chain with higher self-certainty. It does not elimi-
nate reflection entirely: after deriving the feasible
interval, it only keeps a brief validity check rather
than exploring invalid candidates. This qualitative
case supports the design of CAT, which incorpo-
rates self-certainty together with correctness and
length signals to favor concise and confident cor-
rect reasoning paths.

5 Conclusion

This work proposes confidence-adaptive thinking
(CAT), which addresses the pronounced overthink-
ing and token overhead in large reasoning models
through intrinsic confidence awareness. CAT inte-
grates self-certainty as LRMs’ intrinsic confidence
to enable them to compress confident responses
while deliberating on uncertain ones. Extensive
experiments demonstrate that CAT consistently
achieves a superior balance between inference effi-
ciency and accuracy.



Limitations

While CAT demonstrates a superior balance be-
tween reasoning accuracy and efficiency, we iden-
tify the following areas for future improvement:

Path-Level Aggregation. Our current frame-
work utilizes path-level Self-Certainty to score rea-
soning traces. While this metric effectively differ-
entiates high-quality responses, aggregating token-
level signals into a single scalar for the entire se-
quence may overlook variations in confidence at
specific reasoning steps. Future work could explore
integrating token positions with their specific Self-
Certainty scores to enable more precise step-level
compression.

Domain-Specific Evaluation. Our experiments
focus on STEM disciplines such as mathematics
and physics that allow rigorous correctness verifica-
tion. Although Self-Certainty is an intrinsic signal
independent of ground truth, our preference label-
ing strategy currently utilizes verification results.
We aim to extend this approach to open-ended gen-
eration tasks where Self-Certainty can guide align-
ment without reliance on external answers.

Offline Optimization Paradigm. CAT employs
Confidence-Weighted Preference Optimization on
static datasets constructed from pre-sampled trajec-
tories. This offline setting limits the ability of the
policy to dynamically update its confidence esti-
mates during the training process. Future research
will investigate transitioning from offline optimiza-
tion to online reinforcement learning variants, al-
lowing the model to iteratively refine its reasoning
efficiency through continuous interaction.
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A Experimental Details

A.1 Training details

Training Set. While the construction method-
ology of the training set is detailed in Section 4,
Figures 4a and 4b illustrate its diversity in terms
of difficulty and length. Specifically, the difficulty
distribution aligns with the Level metric of the 2000
selected questions from the MATH dataset. The
length distribution reflects the reasoning chains gen-
erated by DeepSeek-R1-Distill-Qwen-7B, obtained
by sampling 20 paths per question with a tempera-
ture of 0.6 and a top_p of 0.95.

Training Configurations. Following Dynamic
Pruning with a truncation ratio of τ = 0.15, our
constructed preference pairs for R1-7B yielded
1,765 Conciseness Pairs (CPs; 93.1%) and 130 De-
liberation Pairs (DPs; 6.9%), a distribution similar
to that reported in DAST (Shen et al., 2025a). Simi-
larly, for R1-1.5B, we identified 1,742 CPs (88.8%)
and 221 DPs (11.2%). For Qwen3-8B, the resulting
dataset comprised 1,517 CPs (97.4%) and 40 DPs
(2.6%). These results indicate that for models with
stronger reasoning capabilities, such as Qwen3-8B,
Confidence-Aware Preference Labeling generates a
higher proportion of CPs to facilitate the learning of
conciseness. Conversely, for models with weaker
reasoning abilities, such as R1-1.5B, the method
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Figure 4: Difficulty and length distributions illustrating the diversity of the question set.

Benchmark Method Acc Len C-Len CR C-CR

MATH-500

Origin 91.7 3657 3200 – –
CAT 93.9 2431 1953 33.5% 39.0%

w/o SC in CWPO only 93.2 2771 2218 24.2% 30.7%
w/o SC in CAPL & CWPO 92.6 2511 1859 31.3% 41.9%

AIME24

Origin 53.3 12831 7631 – –
CAT 58.9 9880 5401 23.0% 29.2%

w/o SC in CWPO only 53.3 9088 6237 29.2% 18.3%
w/o SC in CAPL & CWPO 50.0 10507 4906 18.1% 35.7%

GPQA

Origin 49.2 8553 7382 – –
CAT 54.0 7781 6425 9.0% 13.0%

w/o SC in CWPO only 51.0 8036 6489 6.0% 12.1%
w/o SC in CAPL & CWPO 49.5 7561 6185 11.6% 16.2%

Table 4: Ablation study of Self-Certainty (SC) on
DeepSeek-R1-Distill-Qwen-7B.

produces more DPs to encourage cautious explo-
ration. Furthermore, following DAST, the original
SimPO hyperparameters were set to β = 200 and
γ = 1 for all three models. All baselines use com-
parable data budgets to CAT.

A.2 Evaluation Details

In our evaluation setup, we use a unified decoding
configuration for all experiments, with temperature
= 0.6 and top_p = 0.95 (DeepSeek-AI, 2025). The
maximum generation length is capped at 32,768
tokens for all the models.

B Additional Experiments

B.1 Ablation Study on Self-Certainty

To further investigate the effects of Self-Certainty
(SC) in CAT, we conduct an additional ablation
study to remove SC in CWPO or CAPL & CWPO,
respectively. Note that removing SC in CAPL only
is equivalent to w/o CAPL in Table 2, which is not
repeatedly analyzed in this section.

Table 4 shows that SC matters in both data con-
struction and model optimization. Although remov-
ing SC commonly brings a higher compression rate,
the reasoning accuracy largely degrades on all the
benchmarks. This directly supports that SC con-
tributes non-redundant value to our method.

B.2 Analysis of Hyperparameters

To examine the effects of the Length-Aware
Exponent(α) and the Truncation Ratio (τ ), we per-
formed a grid search on MATH-500 using the R1-
7B model for validation. As shown in Figure 5, R1-
7B achieves the optimal results when α=0.5 and
τ=0.15. In both single-parameter sweeps, these
settings yield the best Acc and compression ratio.
For the other backbone models, we conducted the
same hyperparameter search and selected the final
hyperparameters accordingly.

B.3 Validation of SC as a Difficulty Indicator

Because MATH Level 4 does not provide a suffi-
ciently diverse difficulty distribution, we analyze
SC across different difficulty levels on the training
set. As shown in Figure 7, as the difficulty level
increases, the average SC over all trajectories (in-
cluding both correct and incorrect ones) exhibits
a clear downward trend. This suggests that, be-
yond separating correct from incorrect trajectories,
SC also captures differences in problem difficulty.
This property is central to CAT: it enables difficulty-
aware control.
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(b) Impact of varying the Truncation Ratio τ on model perfor-
mance.

Figure 5: Hyperparameter analysis.
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Figure 6: Performance comparison on MATH-500 across different difficulty levels.
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Figure 7: Average Self-Certainty (SC) across difficulty
levels on the training set, derived from 20 reasoning
paths per question generated by Qwen3-8B. A clear
downward trend in SC is evident for all, correct, and in-
correct trajectories as the difficulty level increases from
Level 1 to Level 5. This indicates that SC effectively
captures problem difficulty beyond correctness, serving
as a reliable signal for difficulty-aware control.

B.4 Performance Analysis Across Difficulty
Levels

We analyze the performance of CAT, DAST, and
CONCISE on the MATH-500 dataset using the
R1-7B model across varying difficulty levels. As
shown in Figure 6. CAT achieves the highest ac-
curacy in the two most challenging difficulty tiers,
demonstrating a substantial advantage over other
baselines and highlighting its robust reasoning ca-
pabilities for complex problems. While DAST also
exhibits difficulty adaptability, it underperforms
CAT in both accuracy and length compression. Fur-
thermore, although CONCISE achieves the most
significant length reduction, its reasoning perfor-
mance deteriorates sharply as problem difficulty
increases, creating a marked gap compared to the
other methods and indicating a lack of capability
in handling complex reasoning tasks.

C Details of CWPODPO Objective

To examine whether the benefits of CWPO-style
SC weighting can generalize beyond the original
CWPO setting, we incorporate the same SC-based



dynamic weighting strategy into the DPO objective.
The resulting objective, denoted as CWPODPO, is
formulated as follows:

LCWPODPO(πθ;πref) = −E(x,yw,yl)∼D

[
log σ

(
βw log

πθ(yw|x)
πref(yw|x)

− βl log
πθ(yl|x)
πref(yl|x)

)] (8)

Here, we use the same definitions of βw and βl as
in Section 3.2.2.
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