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Abstract

Understanding overthinking in large reasoning
models (LRMs) is crucial for interpretability as
well as reasoning efficiency and effectiveness.
However, existing approaches primarily adopt
coarse-grained reasoning strategies, such as trun-
cating Chains-of-Thought or switching reasoning
modes, which reduce verbosity but are insufficient
to actively guide reasoning toward more effective
trajectories. To address these issues, we propose
a training-free, interpretable framework that se-
lects thinking words via attention heads to guide
LRMs toward more effective reasoning. Specif-
ically, we categorize thinking steps into effective
and redundant states, identify the attention head
that best discriminates between them as the Think-
ing Partition Head to construct an Effective Think-
ing Representation Prototype, and compute the In-
formation Gain Ratio (IGR) between candidate
thinking words and this prototype to select the
word that steers reasoning toward a more effec-
tive direction. Extensive experiments on mathe-
matical and scientific reasoning benchmarks, in-
cluding AIME24, AMC23, MATH-500, GSM&8K,
and GPQA-D, show that our method consistently
outperforms the strong baseline DEER, achieving
average improvements of 1.2-1.3% in accuracy
and 2.5-4.5% in compression rate. Compared to
vanilla baselines, our approach yields larger gains
of 2.6-6.3% in accuracy while reducing token us-
age by 22-43%.

1 Introduction

Large reasoning models (LRMs) [Jaech et al., 2024; Guo et
al., 2025; Yang er al., 2025a] have demonstrated extraor-
dinary capabilities in tasks such as mathematics and code
generation, establishing performance levels that even sur-
pass human PhDs in scientific reasoning benchmarks [Rein
et al., 2024; Jaech er al., 2024]. This success is largely
attributed to the test-time scaling laws [Wu er al., 2024;
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Figure 1: t-SNE visualization of thinking word representations
across diverse model families. The upper row shows that think-
ing states are inextricably mixed within randomly selected attention
heads. In contrast, the lower row demonstrates that under the iden-
tified Thinking Partition Heads (TPHeads), there is a clear, natural
separation between effective (blue dots) and redundant (red dots)
thinking steps within the internal representations of LRMs.

Muennighoff er al., 2025], which allocate increased compu-
tational resources to allow models to think more deeply dur-
ing inference. However, when reasoning is excessively pro-
longed or unguided, the phenomenon of overthinking [Chen
et al., 2024; Sui et al., 2025; Yue et al., 2025] arises. In such
cases, models may become trapped in repetitive verification
or erroneous attempts without knowing when to halt, which
ultimately degrades both inference efficiency and reasoning
effectiveness [Wu et al., 2025; Yang et al., 2025b].

To mitigate overthinking, numerous studies have explored
approaches ranging from post-training adjustments [Chung et
al., 2025; Fang et al., 2025] to input-based [Ma er al., 2025;
Li et al., 2025; Liang et al., 2025; Wang et al., 2025a] and
output-based [Yang et al., 2025b; Zhang et al., 2025a] inter-
ventions. Despite these efforts, existing work predominantly
focuses on rigid strategies such as truncating long Chains-of-
Thought or switching thinking modes. Consequently, the ac-
tive guidance of the thinking process remains under-explored,
resulting in a deficiency in reasoning interpretability.

The rich information encoded in specific tokens offers a
promising direction [Qian et al., 2025; Dong et al., 2025;
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{Question} Let AABC be an equilateral triangle. How many squares in the same plane as AABC share two vertices with the triangle?

{Thinking Prefix} <think> Okay, so | have this problem: Given an equilateral triangle ABC, how many squares in the same plane share two ver-

tices with the triangle? Hmm, interesting. ...

<omitted> side, and the next side is perpendicular to the first. So, if AB is a side of the square, then

the square can be constructed in two different ways: one on one side of AB and one on the other side.

Wait.

, but in this case, the triangle is equilateral, ... <omitted> orienta-
tion. </think> To determine how ... <omitted> With 3 pairs, that’s

3 x 4 = 12 squares. Therefore, the final answer is .

Alternatively

, if AB is considered as a diagonal ... <omitted> determines the
square. </think> To determine how ... <omitted> **Total Num-

ber of Squares:** 3 + 3 + 3 = 9. Final answer @

Figure 2: Impact of specific thinking words on reasoning outcomes. With the same context, the intervention of Wait versus Alternatively
triggers different reasoning chains, causing a flip in the validity of the final answer.

Qi ef al., 2024]. Research on thinking tokens (e.g., Wait,
Hmm, Therefore) indicates that the representations of think-
ing tokens exhibit a sudden and significant increase in Mutual
Information (MI) with the golden answer, becoming highly
informative about the correct outcome [Qian er al., 2025].
Similarly, Dong et al. [2025] reveals that the model’s first to-
ken often implicitly encodes information regarding multiple-
choice answers at the end of the response. Given that a think-
ing word acts as the initial token of a thinking step, it likely
plays a pivotal role in LRM inference. Our preliminary ex-
periments confirm this, identifying a natural internal sepa-
ration between effective and redundant thinking steps at the
positions of thinking words (See the bottom line in Figure
1). By applying dimensionality reduction to the intermedi-
ate states of thinking words across diverse model families,
such as DeepSeek-R1-Distill and Qwen3, we observe that
distinct thinking states can be naturally and consistently dis-
tinguished. This cross-model consistency suggests a latent
potential for the model to self-guide and self-interpret.

These observations drive us to further investigate thinking
words. We find that different thinking words tend to steer the
model toward divergent reasoning processes, which are as-
sociated with varying levels of final answer correctness. As
shown in Figure 2, for the same question and identical rea-
soning prefix, replacing the thinking word “Wait” with “Al-
ternatively” leads to a different reasoning continuation and
a correct final answer. Inspired by this insight, we pro-
pose a training-free and highly interpretable framework that
leverages attention head to select thinking words for guid-
ing LRMs toward more effective reasoning trajectories, while
characterizing their associations with underlying process dis-
tributions. Specifically, we first utilize the MATH-500 train-
ing set to construct a dataset of effective and redundant think-
ing steps. Second, we identify the attention head that best
discriminates between these two states as the Thinking Par-
tition Head (TPHead), and then use the corresponding TP-
Head representations to construct an Effective Thinking Pro-
totype (ETP). As shown in Figure 1, under the identified TP-
Head, the hidden states at thinking word positions exhibit
clear separability between effective and redundant reason-
ing states, in sharp contrast to the entangled thinking states
observed within random attention heads. Third, to validate
the correctness of this natural internal separation, we build
upon the strong baseline DEER [Yang et al., 2025b], the pi-
oneering work on dynamic early exit for overthinking. In

contrast, we extend the framework by computing the Infor-
mation Gain Ratio (IGR) between candidate thinking words
and the proposed Effective Thinking Prototype at each rea-
soning step. By selecting the thinking word with the highest
IGR, our method steers the reasoning trajectory toward more
effective direction. Finally, this principled guidance enables
LRMs to achieve superior performance on both mathemati-
cal (AIME24, AMC23, MATH-500, GSMS8K) and scientific
(GPQA-D) reasoning benchmarks. Notably, our approach
produces significantly fewer thinking tokens, achieving an
average reduction of 2.8% compared to DEER, while further
improvingfinal accuracy by 1.3%. These results demonstrate
that the identified effective/redundant separation is not only a
consistent internal phenomenon, but also a structure that can
be exploited to enhance both reasoning efficiency and effec-
tiveness.

The main contributions of this paper are summarized as
follows:

* We redefine and rethink the LRM thinking steps, pro-
viding a fine-grained categorization of effective versus
redundant thinking. We uncover a natural internal sepa-
ration of these states at the thinking word level, signifi-
cantly reinforcing interpretability.

Leveraging this natural separation (the ETP), we pro-
pose a novel early exit guidance strategy that steers
LRMs toward more efficient reasoning trajectories and
optimizes the reasoning path.

Extensive empirical performance across multiple mod-
els and datasets validates both the effectiveness of our
guidance strategy and the correctness of our finding re-
garding the internal effective/redundant separation.

2 Effective Thinking Prototype

2.1 Rethinking Thinking Steps

In this subsection, we define the thinking step and propose
a quadrant-based taxonomy to distinguish between effective
and redundant thinking. This classification hinges on com-
paring the correctness of intermediate answers generated by
the current step against those from the preceding step, given
their respective contexts. Based on these quadrants, we con-
struct a dataset of effective and redundant thinking steps.

Definition of Thinking Step. Following DEER [Yang et

al., 2025b], we adopt the Wair token as a delimiter to de-
fine thinking steps. Specifically, we segment the CoT [Wei et
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Figure 3: The Quadrants of Thinking Steps. A:—; and A; denote
the correctness of intermediate answers derived from the preceding
and current steps (along with their respective prefixes).

al., 2022] generated by LRMs using occurrences of the Wait
token, and treat each resulting segment as an individual think-
ing step.

Thinking Step Quadrants. Based on the segmented think-
ing steps, we introduce the Thinking Step Quadrants (Fig-
ure 3) to characterize the utility of each step. The X-axis
represents the answer correctness after the preceding think-
ing step (positive for correct, negative for incorrect). The Y-
axis represents the current thinking step, adhering to the same
scale and definitions. The quadrants are defined as follows:

¢ Quadrant I (Redundant/Maintenance): The model main-
tains a correct answer. The step adds no value as the
outcome was already correct.

¢ Quadrant II (Effective): The model transitions from in-
correct to correct, indicating an effective thinking step
that rectifies the answer.

¢ Quadrant III (Uncertain): The model remains incorrect.
The step is ambiguous (either futile or incomplete) and
labeled as uncertain.

* Quadrant IV (Redundant/Degradation): The model re-
verts from correct to incorrect, signifying a detrimental
step that degrades performance.

Data Construction for Effective and Redundant Think-
ing. Based on the defined Thinking Step Quadrants, we
construct a dataset of effective and redundant thinking steps
using the MATH-500 training set. For each input problem,
we first instruct the LRM to perform up to ten consecutive
thinking steps, producing an intermediate answer after each
step. Then, the correctness of each intermediate answer is au-
tomatically verified using standard evaluation tools [Ye ef al.,
2025]. Finally, by analyzing correctness transitions between
consecutive steps, we assign each thinking step to its corre-
sponding quadrant and label it accordingly. We primarily se-
lect effective thinking steps from Quadrant II and redundant
ones from Quadrant IV, as the distinction between these two
states is the most unambiguous. The resulting dataset com-
prises 1,466 samples, evenly balanced (1:1) between effective
and redundant thinking steps.

Distribution of Attention Head MMD Scores Across Models
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Figure 4: Distribution of attention head MMD scores. L3-8 refers to
the 8" head of Layer 3, with L1-37 and LL1-17 defined analogously.

2.2 Localization of Thinking Partition Heads

We utilize T-distributed Stochastic Neighbor Embedding (t-
SNE) [Maaten and Hinton, 2008] to visualize the represen-
tations of effective and redundant thinkings across each at-
tention head of the model. As illustrated in Figure 1, specific
attention heads exhibit a clear demarcation between these two
states. To identify the attention head that optimally discrimi-
nates between the two states, we employ the Maximum Mean
Discrepancy (MMD) [Gretton et al., 2012] metric to quan-
tify the degree of independence between the distributions of
effective (X) and redundant (Y") thinkings:

1 NE 1 NR
MMD(X,Y) = N—Ezgaﬁ(xi) — m2¢(yj) (1)
1= J=

H

A higher MMD value indicates greater independence be-
tween the two distributions, thereby signifying maximal dis-
criminability. Upon sequentially computing the MMD for all
heads, we select the head with the highest MMD score (Top-
1) to serve as the effective Thinking Partition Head for the
target model.

The specific distribution of MMD scores across attention
heads is depicted in Figure 4. It can be observed that as the
model parameter size increases, the model’s internal capa-
bility to distinguish between effective and redundant states,
characterized by higher MMD peaks and a rightward shift in
the overall distribution, exhibits an upward trend. This im-
plies that more powerful models possess more pronounced
internal mechanisms for metacognition or self-monitoring.

Furthermore, models with varying architectures consis-
tently exhibit a similar long-tail distribution. The vast major-
ity of heads yield relatively low MMD scores (0.10 - 0.20),
while only a minute fraction (Top 1%) function effectively
as Thinking Partition Heads. Although the specific location
of the Top-1 head varies across models (L3-8 vs. L1-37 vs.
L1-17), their consistent existence underscores the necessity
of the localization process.

2.3 Effective Thinking Standard Vector

Finally, we construct an effective thinking prototype utiliz-
ing solely the intermediate states of effective thinking data
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within the identified discriminating head. Specifically, we
compute the average of all effective thinking representations
to derive the Effective Thinking Standard Vector, denoted as
Hpg. Crucially, we do not average raw hidden states. The
average is strictly computed within the TPHead subspace,
identified via MMD to maximally separate effective from re-
dundant states. It acts as a meta-cognitive filter that per-
forms a low-dimensional projection, stripping away problem-
specific semantics from hidden states while preserving the
core reasoning validity signal. Analogous to Prototypical
Networks [Snell ef al., 2017], Hg is the empirical centroid
(prototype) of the effective thinking class. This standard vec-
tor serves as the effective thinking prototype in the subse-
quent thinking word selection phase.

3 Validation on Early Exit for LRMs

To further validate the correctness of the intrinsic partition
between effective and redundant thinking discovered within
LRMs, we conducted experiments on the early exit task
to mitigate the overthinking problem. Our core hypothesis
posits that if this partition is valid, selecting thinking words
guided by the identified TPHead that align more closely with
the ETP should steer the model toward more effective reason-
ing paths. This would improve reasoning performance while
reducing token consumption. The remainder of this section is
organized as follows: Section 3.1 outlines the overall frame-
work, Section 3.2 details the experimental setup, and Section
3.3 introduces the baselines.

3.1 Validation Framework

The overall validation framework is illustrated in Figure 5 and
comprises three main phases: (1) construction of the effec-
tive thinking prototype, (2) early exit determination at pause
points, and (3) selection of the optimal thinking word to guide
subsequent reasoning.

Step 1: Effective Thinking Prototype Construction We
first locate the Thinking Partition Head (TPHead) by lever-
aging the method described in Section 2.2, and subsequently
construct the Effective Thinking Standard Vector (Hg) fol-
lowing Section 2.3. Both TPHead and Hg, are utilized in the
subsequent thinking word selection process.

Step 2: Early Exit Determination Following DEER, we
pause the generation process whenever the LRM encoun-
ters Wait and then ‘utilize the prompt ¢ = \n*xFinal
Answerxx\n \boxed to elicit a direct intermediate an-
swer a to assess whether an early exit is warranted. Specif-
ically, after generating a, we calculate the average log-
probability of its tokens as shown in Equation 2:

|al

Zlog P(a2|q7 0<t7c7a<i)7 (2)
i=1

C

~ al

where |a| is the number of tokens in the intermediate answer.
If C > 7 (where 7 = 0.95), the model triggers an early exit.
In this case, a </think> tag is appended to the current se-
quence, and the model proceeds to generate the final answer.
If C < 7, the process enters the Thinking Word Selection
phase (Step 3).

Step 3: Thinking Word Selection Prior work has shown
that thinking words in LRMs exhibit an information peak
with respect to the golden answer, indicating that representa-
tions at thinking word positions encode rich information rele-
vant to correct reasoning [Qian et al., 2025]. This relationship
can be quantified using Mutual Information (MI) between the
hidden representations of thinking words (h;p;nk) and the fi-
nal answer representations (hgps):

MI(hthink; hans) = H(hthink) - H(hthink | huns) (3)
H(-) denotes the Shannon Entropy [Shannon, 1948], repre-
senting the uncertainty of a variable. H (hipink | hans) is the
conditional entropy, measuring the remaining uncertainty of
the thinking process given the final answer. Qian er al. [2025]
provide theoretical guarantees that higher MI between the
representations and the golden answer reduces prediction er-
ror.

However, during inference, the golden answer represen-
tation hgy,s is not available. To address this, we leverage
the constructed Effective Thinking Standard Vector Hg, as a
proxy for golden thinking. Specifically, we extract the TP-
Head representations of candidate thinking words h.4pg and
compute their ML with H:

MI(hcand; HE) p— H(hcand) - H(hcand | HE) (4)

We estimate MI using the Hilbert-Schmidt Independence
Criterion (HSIC) [Gretton et al., 2005; Poole et al., 2019].
Since MI is an absolute measure and different candidate
words may have varying intrinsic entropy, directly comparing
MI values can be biased. To mitigate this issue, we introduce
the Information Gain Ratio (IGR) by normalizing MI with
respect to the entropy of each candidate word:

MI(h/cand;HE) (5)
H (hcand )
This ratio reflects the proportion of information in a can-
didate thinking word that aligns with effective thinking. We
compute the IGR for each candidate in the thinking word list

and select the thinking word with the highest IGR to guide
the subsequent reasoning process.

IGR(hcand) =

3.2 Experimental Setup

Datasets and Metrics. To ensure a fair comparison with
published SOTA methods, we evaluated our method on
four mathematical reasoning datasets: AIME 2024 [MAA
Committees, 2024], AMC 2023 [AI-MO, 2023], MATH-
500 [Hendrycks et al., 2021], GSM8K [Cobbe et al., 20211,
and one scientific reasoning dataset: GPQA Diamond [Rein
et al., 2024]. We follow the same experimental settings as
DEER, a strong baseline method. Due to the limited sam-
ple size of AIME 2024 and AMC 2023, we performed four
independent runs for our method on these datasets and av-
eraged the results to ensure stability and reliability. Follow-
ing DEER, we employ Accuracy (Acc), Token Number (Tok),
and Compression Rate (CR) as evaluation metrics. Acc de-
notes the accuracy of the final answer, Tok represents the av-
erage generation length across all test samples, and CR is the
ratio of the average generation length to that of the original
model. Lower values for Tok and CR indicate lower compu-
tational cost.
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Figure 5: Overview of the validation framework for the early exit task in LRMs. @-@® are executed in sequence. In Step 1, we take the
TPHead L3-8 (the 8" head of Layer 3) of the DeepSeek-R 1-Distill-Qwen-7B model as an example.

Models. We use the same model backbones as the DEER
main experiments: DeepSeek-R1-Distill-Qwen-7B, Qwen3-
14B, and QwQ-32B.

Implementation Details. We adopted a zero-shot setting
using the standard CoT prompt: “Please reason step by step,
and put your final answer within \boxed{}.” All experiments
utilized a greedy decoding strategy with a maximum gener-
ation length of 16,384 tokens. The early exit threshold was
set to 0.95, consistent with DEER. Accuracy evaluation was
conducted using the LIMO tool [Ye ef al., 2025]. All experi-
ments were conducted on two NVIDIA A100 GPUs.

3.3 Baselines

In addition to the primary baseline DEER, we compared
our method against other baselines evaluated in<the same
work: (1) Vanilla: The original LRM without any interven-
tion, serving as the benchmark for compression rate calcula-
tions. (2) Prompt-based Methods: Token-Conditional Con-
trol (TCC) [Muennighoff et al., 2025]: Prompts the model
to answer within a fixed token budget. NoThinking [Ma et
al., 2025]: Prompts the model to skip the thinking process
and generate the final answer directly. Dynasor-CoT [Fu et
al., 2025]: Prompts the model to generate an intermediate an-
swer at fixed token intervals, early exit is triggered when three
consecutive intermediate answers are consistent. All baseline
results are directly cited from the published paper [Yang et
al., 2025b].

4 Experimental Results and Analysis

In Section 4.1, we present the main experimental results and
analyze the scalability of our approach. Subsequently, Sec-
tion 4.2 investigates the impact of employing different atten-
tion heads as the TPHead. Section 4.3 examines the sensi-
tivity of our method to the candidate list of thinking words.
Finally, we provide ablation studies in Section 4.4.

4.1 Main results

As demonstrated in Table 1, our method achieves consis-
tent improvements across three models of varying scales.

Specifically, on the DeepSeek-R1-Distill-Qwen7B model,
our method outperforms DEER with an average accuracy im-
provement of 1.3% and a reduction in compression rate by
4.5%. Compared to the Vanilla baseline, accuracy improves
by 6.3% while the compression rate decreases by 43%.

Breaking down performance by dataset, our method ex-
hibits superior performance on more challenging benchmarks
(e.g., AIME 2024), achieving a 4.1% increase in accuracy.
We attribute this to the fact that harder datasets typically re-
quire more reasoning steps, thereby providing a larger search
space for thinking word selection.

Notably, although the effective thinking prototype used
in our experiments was constructed solely from the MATH-
500 training set, the improvements generalize not only to the
MATH-500 test set but also to other mathematical reason-
ing tasks. Furthermore, when extending the scope to scien-
tific reasoning tasks (GPQA-D), we observe an accuracy im-
provement of 0.5%-2.6% while maintaining comparable to-
ken consumption. This further validates the scalability of our
constructed effective thinking space, suggesting that the inter-
nal mechanism of LRMs for distinguishing between effective
and redundant thinking steps is not dependent on specific task
types or domain knowledge, but rather represents an inherent
capability to delineate validity.

4.2 TImpact of Different Thinking Partition Heads

In our main experiments, we employed the attention head
with the highest MMD value (Top-1) as the TPHead. How-
ever, visualization results (detailed in Appendix A) indicate
that numerous other attention heads can also effectively dis-
criminate between effective and redundant thinking steps.
Therefore, in this subsection, we explore the impact of select-
ing different attention heads for this role, with results detailed
in Table 2.

Based on the analysis in Section 4.1, our method shows
more pronounced effects on harder datasets requiring exten-
sive reasoning steps. Consequently, we conducted this anal-
ysis on the AIME24 and AMC23 datasets, comparing results
obtained using Top-10 attention head versus random atten-
tion head. As shown in Table 2, when utilizing the Top-10
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MATH SCIENCE
Method ‘ AIME24 AMC23 MATH-500 GSMS8K ‘ GPQA-D ‘ Overall
Acct Tok| CRJ] Acct Tok] CR| Acct Tok] CR| Acct Tok] CR] Acct Tokl] CR| AcctT CRJ
DeepSeek-R1-Distill-Qwen-7B
Vanilla 41.7 13,765 100% 78.8 6,792 100% 87.4 3,858 100% 89.6 1,484 100% 23.7 10,247 100% | 64.2 100%
TCC 48.4 10,603 77.0% 82.5 6,491 95.6% 89.2 3,864 100.2% 88.0 892 60.1% 27.3 8,442 824% | 67.1 83.0%
NoThinking 26.7 4,427 322% 65.0 1911 28.1% 80.6 834 21.6% 87.1 284 19.1% 29.8 724 7.1% |57.8 21.6%
Dynasor-CoT 46.7 12,695 92.2% 85.0 5,980 88.0% 89.0 2,971 77.0% 89.6 1,285 86.6% 30.5 7,639 74.5% |68.2 83.7%
DEER 49.2 9,839 71.5% 85.0 4451 655% 89.8 2,143 555% 90.6 917 61.8% 313 5469 534% |69.2 61.5%
Ours 53.3 9494 69.0% 87.5 4,245 62.5% 90.6 2,129 552% 89.9 664 44.7% 31.3 5,505 53.7% | 70.5 57.0%
QOwen3-14B
Vanilla 70.0 10,859 100% 95.0 7,139 100% 93.8 4,508 100% 95.1 2,047 100% 60.1 7,339 100% | 82.8 100%
TCC 70.8 11,573 106.6% 95.0 7,261 101.7% 94.6 4,484 99.5% 95.7 1,241 60.6% 60.1 7,138 97.3% | 83.3 93.1%
NoThinking 26.7 7,337 67.6% 77.5 2,133 29.9% 85.0 1,228 272% 94.8 286 14.0% 50.5 2,320 31.6% | 66.9 34.1%
Dynasor-CoT 73.3 10,369 95.5% 95.6 6,582 92.2% 93.8 4,063 90.1% 95.6 1,483 72.4% 59.6 5,968 81.3% |83.6 86.3%
DEER 76.7 7,619 70.2% 95.0 4,763 66.7% 94.0 3,074 682% 953 840 41.0% 57.6 2,898 39.5% |83.7 57.1%
Ours 73.3 8,213 75.6% 96.3 4,397 61.6% 94.8 2,723 60.4% 96.2 852 41.6% 58.1 2,939 40.0% | 83.7 55.8%
owQ-32B

Vanilla 66.7 10,821 100% 92.5 6,792 100% 93.8 4,508 100% 96.7 1,427 100% 63.1 7,320 100% | 82.6 100%
TCC 60.0 11,263 104.1% 90.0 6,818 100.4% 94.4 4,315 95.7% 95.8 1,348 94.5% 61.6 7,593 103.7%| 80.4 99.7%
NoThinking 66.7 10,859 100.4% 87.5 6,908 101.7% 94.8 3,930 87.2% 96.2 1,113 78.0% 63.6 7,668 104.8% | 81.8 94.4%
Dynasor-CoT 63.3 11,156 103.1% 93.8 6,544 96.3% 94.2 4,176 92.6% 95.2 1,095 76.7% 64.1 7,024 96.0% | 82.1 93.0%
DEER 70.0 10,097 93.3% 95.0 5,782 85.1% 94.6 3,316 73.6% 963 977 68.5% 64.1 6,163 84.2% | 84.0 80.9%
Ours 73.3 9664 89.3% 95.0 5,863 86.3% 94.8 3,226 71.6% 96.1 983 68.9% 66.7 5,552 75.8% | 85.2 78.4%

Table 1: Experimental results across different series of LRMs. Acc denotes accuracy, Tok denotes token count, and CR denotes compression
rate. 1 indicates that higher values are better, while | indicates that lower values are better. The top-2 best results are highlighted in bold.

MATH

AIME24 AMC23 Overall
Acct Tok| CR| Acct Tok] CR| Acct CRJ
DeepSeek-R1-Distill-Qwen-7B
Vanilla 41.7 13,765 100%
DEER 49.2 9,839 71.5%
Random head 46.7 9,450 68.7%
Top-10 head 52.5 9,080 66.0%
Top-1head 53.3 9,494 69.0%

Method |

78.8 6,792 100%
85.0 4,451 65.5%
85.0 4,276 63.0%
87.5 4,433 65.3%
87.5 4,245 62.5%

60.3 100%
67.1 68.5%
65.9 65.9%
70.0 65.7%
70.4 65.7%

Table 2: Performance comparison of different TPHeads.

attention head as TPHead, the final performance decreases
slightly compared to the Top-1 head but remains significantly
higher than DEER. This aligns with the observation that Top-
10 head maintains a relatively strong capability to distinguish
effective from redundant thinking steps (Appendix A).

Conversely, when employing random attention head (with
MMD value of approximately 0.13, corresponding to the
most densely populated interval in Figure 4), performance
drops significantly, falling below that of DEER. This is likely
due to their inability to distinguish effective thinking states.
These results further corroborate the validity of the internal
thinking state division within LRMs: such distinctiveness ex-
ists in a minority of attention heads (the long-tail distribution
in Figure 4), while the vast majority (the peak area of the dis-
tribution) lacks this discriminatory power.

4.3 Thinking Words Analysis

The candidate list of thinking words used in our method is
derived from statistical findings in recent studies [Wang et
al., 2025b; Zhang er al., 2025a]. Specifically, we initialize

£5 DEER

% Al
75

Wait
I Alternatively

2 Hmm

But

W However
Double-check

65

DS-R1-Distill-Qwen-7B 3

DS-R1-Distill-Qwen-7B

Figure 6: Thinking words sensitivity on Acc (left) and CR (right).

the list with the top-5 most frequent thinking words reported
by Wang et al. [2025b] (Wait, Alternatively, Hmm, But, How-
ever). To prevent critical omissions, we then augment this list
with the overlapping words found in both Wang et al. [2025b]
and Zhang et al. [2025a] (Double-check, Verify), resulting in a
final vocabulary of seven words. Given that this curation pro-
cess may inherently introduces a degree of subjectivity, we
investigate the sensitivity of our method to specific thinking
words in this section to address scalability concerns. Specifi-
cally, we performed an analysis where we iteratively removed
one word from the list and conducted experiments using the
remaining six words, as shown in Figure 6.

As observed in the figure, in three out of the seven exper-
imental groups, the results remained superior to the DEER
baseline. This indicates that our method possesses consid-
erable stability and is not heavily reliant on a subjectively
constructed list of words. More specifically, removing Hmm
or Verify resulted in accuracy comparable to the full seven-
words list. Interestingly, removing Verify yielded better re-
sults in terms of CR, suggesting that Verify and Hmm are
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MATH
AIME24 AMC23 | Overall

Acct Tok] CRJ| Acct Tok] CRJ| Acct CRJ]
DeepSeek-R1-Distill-Qwen-7B

Vanilla  41.7 13,765 100% 78.8 6,792 100% | 60.3 100%
Ours 53.3 9,494 69.0% 87.5 4,245 62.5% |70.4 65.7%
w/o ETP 46.7 9,450 68.7% 85.0 4,276 63.0% | 65.9 65.9%
w/oEE 458 9,999 72.6% 88.1 5,876 86.5% | 67.0 79.6%
w/o TWS 46.7 9,372 68.1% 87.5 4,657 68.6% | 67.1 68.4%
w/o IGR 483 9,344 67.9% 84.4 3,990 58.7% | 66.4 63.3%
w/MSW 517 9,246 67.2% 83.8 4,398 64.8% | 67.8 66.0%
w/LSW 467 9,815 71.3% 84.4 3,595 52.9% | 65.5 62.1%

Method |

Table 3: Ablation studies on DeepSeek-R1-Distill-Qwen-7B. Ab-
breviations: ETP (Effective Thinking Prototype), EE (Early Exit),
TWS (Thinking Word Selection), IGR (Information Gain Ratio),
MSW (Most Sensitive Word), LSW (Least Sensitive Word).

likely the least sensitive thinking words. Conversely, when
removing But or However led to a drastic decline in accuracy.
This identifies But and However as the most sensitive think-
ing words, implying that reflection and transition markers are
more critical for complex reasoning processes than verifica-
tion markers (Hmm, Verify).

4.4 Ablation Studies

In this section, we evaluate the contribution of each module.
The configurations are detailed below:

w/o ETP: We eliminate the influence of the effective think-
ing prototype. Instead of using it for thinking word selection,
we employ an indistinguishable random attention head repre-
sentation (similar to the random head in Section 4.2) as the
baseline for the thinking prototype.

w/o EE: We remove the early exit mechanism by setting
the threshold to an extremely large value, forcing the model
to continue reasoning until it naturally generates </think>.

w/o TWS: We bypass the selection process and directly ap-
pend the original thinking word to resume reasoning.

Table 3 shows that removing any single module results
in a significant performance drop, demonstrating the neces-
sity of each component. Furthermore, we conducted three
fine-grained experiments specifically regarding the Thinking
Word Selection module:

w/o IGR: Instead of calculating information gain ratio, we
randomly select a word from the candidate list to guide sub-
sequent thinking, testing the rationality of the metric.

w/ MSW: We consistently append the most sensitive word
(But) identified in Section 4.3 at every pause.

w/ LSW: We consistently append the least sensitive word
(Hmm) identified in Section 4.3 at every pause.

The results in Table 3 indicate clear declines across all
three settings, further validating the rationality of using IGR
to select the most appropriate thinking words. It is worth not-
ing that even when using a fixed, highly sensitive word (But),
the performance surpasses the w/o TWS baseline (where no
replacement occurs). This further underscores the necessity
of the thinking word selection intervention itself.

5 Related Work

Information encoded in specific tokens. LLMs encode a
wealth of latent information within their internal represen-
tations, which has been extensively leveraged across diverse
research domains, including data selection, hallucination mit-
igation, safety alignment, content planning, and logical rea-
soning [Li ef al., 2023; Zhou et al., 2024; Zhao et al., 2025,
Dong et al., 2025; Qian et al., 2025]. Investigating the
representations of specific tokens has emerged as a promi-
nent research direction. Regarding thinking tokens, Qian et
al. [2025] demonstrates that the representations of these to-
kens in LRMs exhibit a sudden and significant increase in
Mutual Information (MI) with the golden answer. Concern-
ing the first token, Dong et al. [2025] reveals that the model’s
initial token often implicitly encodes information regarding
the final multiple-choice answers. In the context of safety to-
kens, Qi ef al. [2024] show that simply forcing an unaligned
LLM to begin its responses with specific safe tokens can
significantly enhance model safety. These findings under-
score the untapped potential within the intermediate states of
LLMs, motivating us to further investigate the internal infor-
mation encapsulated in thinking tokens that specifically as the
initial token of a reasoning step and explore their utility.

Mitigation of overthinking. A substantial body of work
addresses  the overthinking problem through post-training
methods [Hou et al., 2025; Fatemi et al., 2025; Dong and Fan,
2025; Zhang et al., 2025b; Chung et al., 2025; Chen et al.,
2025al. These approaches primarily utilize data with token
budget controls for Supervised Fine-Tuning (SFT) or design
reinforcement learning rewards that incorporate length penal-
ties to encourage more efficient reasoning. However, these
methods fall outside the scope of our training-free framework.

Additionally, output-based methods [Zhang er al., 2025a;
Wang et al., 2025b; Huang et al., 2025; Chen et al., 2025b;
Yang et al., 2025b] have been proposed. For instance, Zhang
et al. [2025a] employs a probe classifier trained on cor-
rect/incorrect QA pairs to identify early exit points at chunk
answer positions. Nevertheless, this approach still necessi-
tates the training of an external verifier model. Other ap-
proaches focus on suppressing reflection during the output
process [Wang et al., 2025b; Huang er al., 2025; Chen et
al., 2025b]. These methods achieve token reduction by ei-
ther suppressing the generation probability of reflection to-
kens during inference or applying vector intervention to in-
hibit reflection. However, these techniques often compro-
mise the model’s inherent reflective capabilities, while they
achieve significant token reduction, it frequently comes at the
cost of substantial accuracy degradation.

Most closely related to our work is DEER [Yang et al.,
2025b], which proposes dynamic early exit for overthinking.
DEER triggers early exit by dynamically generating an inter-
mediate answer during inference and evaluating its generation
probability. However, DEER primarily performs truncation
of long CoT without considering the guidance or transforma-
tion of the specific thinking process. Consequently, it fails
to address scenarios where the model persists in errors and
lacks interpretability. In contrast, our method integrates an
effective thinking space partition strategy. By utilizing more
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appropriate thinking words, we guide the reasoning process
toward more effective directions, altering the reasoning tra-
jectory to escape local error loops. This approach not only
improves both reasoning efficiency and performance but also
enhances interpretability.

6 Conclusion

Inspired by the insight that specific tokens encode rich latent
information, our analysis reveals that LRMs inherently pos-
sess a latent space that naturally partitions effective thinking
from redundancy. Building on this discovery, we propose a
novel thinking-word-guided strategy for dynamic early exit
to mitigate overthinking. Our approach not only significantly
enhances both reasoning efficiency and performance but also
improves system interpretability. Furthermore, these results
empirically validate the existence of this intrinsic effective
thinking partition within LRMs and the precision of our lo-
calization method. In future work, we aim to further explore
how to leverage this natural partition to steer the reasoning
process, such as facilitating immediate exit for intractable
problems or implementing more granular optimization of rea-
soning paths.

A Appendix

To further illustrate the internal distribution of the Thinking
Partition Heads within the model, we present additional t-
SNE visualizations of attention heads across different model
families in this section.

A.1 t-SNE Visualization of Attention Heads
Across Different Model Families

Specifically, this section provides t-SNE visualizations of the
thinking word representations extracted from the Top-1, Top-
10, and random attention heads across DeepSeek-R1-Distill-
Qwen-7B, Qwen3-14B, and QwQ-32B.

Figure 7: t-SNE visualization of thinking word representations for
DeepSeek-R1-Distill-Qwen-7B. Left to right: Top-1, Top-10, and
random attention heads.

Figure 8: t-SNE visualization of thinking word representations for
Qwen3-14B. Left to right: Top-1, Top-10, and random attention
heads.

Figure 9: t-SNE visualization of thinking word representations for
QwQ-32B. Left to right: Top-1, Top-10, and random attention
heads.
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