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Abstract

Large reasoning models (LRMs) have signifi-
cantly advanced performance on complex tasks,
yet their tendency to overthink introduces inef-
ficiencies. This study investigates the internal
mechanisms of reinforcement learning (RL)-
trained LRMs when prompted to save think-
ing, revealing three distinct thinking modes: no
thinking (NT), explicit thinking (ET), and im-
plicit thinking (IT). Through comprehensive
analysis of confidence in thinking termination,
attention from thinking to generation, and at-
tentional focus on input sections, we uncover
key factors influencing the reasoning behaviors.
We further find that NT reduces output length at
the cost of accuracy, while ET and IT maintain
accuracy with reduced response length. Our
findings expose fundamental inconsistencies
in RL-optimized LRMs, necessitating adaptive
improvements for reliable efficiency.

1 Introduction

Large language models (LLMs) have demon-
strated remarkable performance across a wide
range of domains (OpenAl, 2023; Yang et al., 2024;
DeepSeek-Al et al., 2024). When integrated with
retrieval-augmented generation (Lewis et al., 2020;
Zhu et al., 2025), supervised fine-tuning (SFT)
(Parthasarathy et al., 2024; Luo et al., 2024), or
other techniques (Fang et al., 2025), LLMs achieve
improved capabilities in specialized domains be-
yond their original pretraining scope. However,
LLMs may still struggle with complex reasoning
tasks (Anand et al., 2024). The breakthrough of
large reasoning models (LRMs) like OpenAl-ol
(OpenAl, 2025) highlights the benefits of scaling
test time, enabling extended reasoning and the gen-
eration of comprehensive thoughts. This approach
can significantly improve the accuracy on complex
reasoning tasks. As a result, an increasing num-
ber of LRMs, such as QwQ (Qwen Team, 2025)
and DeepSeek-R1 (DeepSeek-Al et al., 2025), have

been developed. Broadly, these LRMs can be cate-
gorized based on their training methodology: one
category is developed through SFT on chain-of-
thought (CoT) data (Muennighoff et al., 2025),
while the other is trained directly using reinforce-
ment learning (RL). These models demonstrate su-
perior performance compared to LLMs across vari-
ous reasoning tasks (Chen et al., 2025).

Most LRMs, such as QwQ-32B, generate tags
like <think> and </think> to encapsulate the
thinking process, followed by the final answer. De-
spite the significant improvement in reasoning capa-
bilities, LRMs usually suffer from the overthinking
problem. They tend to generate excessively long
reasoning chains, even for simple tasks (Chen et al.,
2024), which leads to computational inefficiency
and sometimes worse accuracy (Sui et al., 2025).
To address this issue, Ma et al. (2025) propose
prompting LRMs to bypass thinking by pre-filling
the segment between <think> and </think>. The
prompt template is given below.

User: Your final answer should follow
immediately after the phrase “The final
answer is”.

Question: [Question].

Assistant:

<think>

Okay, I think I have finished thinking.
</think>

Intriguingly, our empirical evidence reveals that
when this prompt is applied to the native LRMs
trained using RL (e.g., QwQ-32B), models some-
times skip thinking as expected while at other times
re-engage in thinking. This behavioral inconsis-
tency raises a critical question: what internal mech-
anisms cause RL-trained LRMs to exhibit such dif-
ferent responses when guided to “save thinking”.
To investigate this problem, we categorize the be-
haviors of LRMs under save-thinking instructions
into three modes based on our empirical findings:



no thinking (NT), explicit thinking (ET), and im-
plicit thinking (IT), as illustrated in Figure 1:

* No thinking: The LRM bypasses further
thinking and directly generates the answer.

* Explicit thinking: The LRM re-engages in a
thinking process before providing the answer.
It appends an additional </think> tag upon
completing its renewed thinking phase.

* Implicit thinking: The LRM also re-engages
in additional thinking but does not output the
</think> tag to mark the end of thinking.

To explore different thinking modes and analyze
their internal distinctions, we examine LRMs from
three perspectives: confidence in thinking termi-
nation, attention from thinking to generation, and
attentional focus on input sections. We also analyze
how modes affect performance and output length.
Our contributions are summarized as follows:

* We identify three behavioral modes—NT, ET,
and IT—that emerge when the native LRM is
instructed to save thinking. The divergences
suggest LRMs struggle with thinking control,
emphasizing the need for improved instruc-
tion adherence and behavioral consistency.

* We analyze three internal states of LRMs in
different thinking modes. In NT mode, the
LRM prioritizes the pre-filled thinking con-
tent and has high confidence in thinking ter-
mination. In ET and IT modes, the LRM re-
tains focus on the task context, enabling their
re-engagement in reasoning. Attention activa-
tion patterns across the three modes begin to
diverge distinctly from the early layers. Our
analysis connects observed behavior and inter-
nal decision-making, guiding future improve-
ments in reasoning reliability of LRMs.

* We compare the output length and accuracy in
different modes against a baseline where the
LRM follows standard thinking. NT mode sig-
nificantly shortens output length but reduces
accuracy. ET preserves accuracy while mod-
erately reducing response length. This eval-
uation connects thinking modes and answer
quality, offering valuable insights for research
on efficient and effective reasoning.

Our manual annotations of the three thinking
modes in the GSM8K and MATHS500 datasets will
be publicly available to support future research.

(a) No thinking

___________________________________________

f Question: James decides to run 3 sprints 3 times a week. He runs ‘
I 60 meters each sprint. How many total meters does he run a Week"'

'\ LRM output: The final answer is 540. }

/Question: ... The choir plans to sing “Deck the Halls” twice and k
' “Jingle Bells” once. If “Deck the Halls” is 150 s long and “Jingle |

I Bells” is 240 s long, how long will they be caroling?

!  LRM output: The total time for “Deck the Halls” is 2 times

: 150 seconds. “Jingle Bells” is sung once, so that'’s 240

| seconds. Adding them together gives 300 + 240 = 540

‘\geconds. </think> The final answer is 540 seconds.

/’Question: Ryan plants 2 flowers a day in his garden. After 15 ™
days, how many flowers does he have if 5 did not grow?
LRM output: ... I need to multiply the number of flowers per
day by the number of days. So, 2 flowers/day multiplied by 15
days equals 30 flowers. But wait, the problem says that 5 did
not grow. ... So 1 should subtract those 5 from the total
planted . The final answer is 25. /

Figure 1: Examples of the three modes of QwQ-32B
under the save-thinking instructions. The final answers
are underlined. The thought is marked in italics. The
token </think> marks the end of the thought.

2 Related Work

2.1 Large Reasoning Models

Large language models (LLMs) have demonstrated
stronger capabilities with larger scale (Zhao et al.,
2023), yet they still struggle with complex rea-
soning tasks like mathematics and code gener-
ation (Anand et al., 2024; Xu et al., 2025a).
Recent work has found that instead of continu-
ously scaling model size and training data, scal-
ing the model’s thinking time and having it gen-
erate chain-of-thought reasoning—similar to hu-
man thinking—can significantly improve the accu-
racy of complex tasks (Snell et al., 2024). Conse-
quently, LRMs such as OpenAl-ol (OpenAl, 2025),
DeepSeek-R1 (DeepSeek-Al et al., 2025), and
QwQ (Qwen Team, 2025) have emerged, specif-
ically designed to produce structured reasoning
processes before the final answer. These LRMs im-
prove performance on challenging reasoning bench-
marks by generating longer thinking processes that
involve considering multiple potential solutions
and backtracking from errors (Chen et al., 2025).

2.2 Efficient Reasoning

LRMs often exhibit the phenomenon of “overthink-
ing”. This manifests as the LRMs generating exten-
sive thinking processes even for relatively simple
problems, such as “calculating 2+3”, leading to sig-



nificant computational resource waste (Chen et al.,
2024). Furthermore, some studies (Sui et al., 2025;
Yang et al., 2025) have indicated that in certain
domains, these lengthy thinking processes can in-
troduce noise, which may paradoxically lead to a
decrease in the model’s overall performance.

To address this issue, several methods have
been explored, including approaches like RL with
Length Reward Design (Meng et al., 2024; Aggar-
wal and Welleck, 2025; Qu et al., 2025) and SFT
with different Variable-Length CoT Data (Muen-
nighoff et al., 2025; Han et al., 2024). Among
these, utilizing prompts to explicitly limit the think-
ing length is considered a highly efficient method
(Xu et al., 2025b; Li et al., 2025). Previous work
(Ma et al., 2025) demonstrated that by pre-filling
the thinking section of LRMs with a completion
instruction, models trained via SFT on CoT data,
such as DeepSeek-R1-Distill-Qwen-32B, could ef-
fectively skip the thinking process without a signif-
icant drop in accuracy. However, when the same
prompting strategy is applied to LRMs trained us-
ing RL, such as QwQ-32B, models sometimes skip
the thinking process while at other times re-engage
in thinking, a phenomenon also mentioned in prior
work (Liu et al., 2025). Our work aims to ana-
lyze the internal states of the model under different
thinking modes to investigate reasons behind this
varied behavior in RL-trained LRMs.

3 Mechanistic Analysis of Thinking Modes
3.1 Experiment Setup and Data Annotations

LRM selection. Our primary experiments use
the open-source, RL-trained native LRM QwQ-
32B (Qwen Team, 2025). We select this model
due to its strong performance and widespread adop-
tion. More importantly, the native LRM usually
exhibits behavioral divergence when prompted to
economize thought (see the prompt template in Sec-
tion 1). QwQ-32B frequently engages in reason-
ing even when explicitly instructed to skip directly
to the final answer. This behavior contrasts with
LLM:s such as ChatGPT and SFT-based LRMs such
as DeepSeek-R1-Distill-Qwen-32B, which consis-
tently follow save-thinking instructions, as shown
in prior work (Liu et al., 2025; Ma et al., 2025).
QwQ-32B thus serves as a valuable case study for
investigating the internal dynamics behind such
non-compliant reasoning in native LRMs.

Datasets and Annotations. Our experiments and
analysis are conducted on two mathematical rea-

Datasets NT ET IT Total
GSM8K 948 296 75 1319
MATH500 118 379 3 500

Table 1: Statistics of questions in each thinking mode.

soning datasets: the test set of GSM8K (Cobbe
et al., 2021), comprising grade school math word
problems, and MATH500 (Hendrycks et al., 2021),
a more challenging set from high school competi-
tions. Both datasets require multi-step reasoning
from LRMs. Specifically, given a reasoning ques-
tion, we employ the prompt detailed in Section 1
to direct QwQ-32B to provide an immediate re-
sponse. We manually check the outputs to identify
the corresponding thinking modes. The statistics
of questions manually labeled with thinking modes
(NT, ET, and IT) are presented in Tablel.

We observe that for GSM8K, QwQ-32B directly
answer about 71.9% of questions without engaging
in thinking. However, for the remaining questions,
QwQ-32B still undertakes additional thinking, de-
spite the prompt already pre-filling the reasoning
segment. For MATHS500, only 23.6% of questions
are resolved without additional reasoning. The re-
maining questions require further thought, with
explicit thinking being particularly prevalent.

Please note that, for all the questions, we use the
same prompt to instruct QwQ-32B to save think-
ing. However, QwQ-32B still exhibits different
thinking modes on different questions. This be-
havioral divergence motivates our analysis of its
internal states to explore the underlying reasons.
More details are given in Appendix A.

3.2 Confidence in Thinking Termination

Motivation. Our prompt includes a pre-filled think-
ing segment: “<think> Okay, I think I have fin-
ished thinking. </think>". The LRM is expected
to generate the answer directly. Since the </think>
token indicates the end of the thinking process, we
posit that its prediction confidence reflects how cer-
tain the LRM is in resolving the question without
further reasoning. Therefore, we examine this in-
ternal prediction confidence to gain insights into
the distinctions among different thinking modes.
Specifically, we conduct a forward pass on the pre-
filled thinking segment to obtain the softmax prob-
abilities when the LRM is predicting the </think>
tag, immediately following the pre-filled “<think>
Okay, I think I have finished thinking.” phrase.



GSMSK MATHS00 Average
Modes
Topl Entropy DF  Topl Entropy DF  Topl Entropy DF
NT 78.64 1.05 72.61 73.21 1.15 65.53 78.04 1.06 71.83
IT 70.72 1.29 62.47 74.64 0.94 66.33 70.87 1.28 62.62
ET 73.46 1.22 66.32 67.71 1.28 57.72  70.12 1.25 61.33

Table 2: Prediction confidence metrics when predicting the </think> token. Higher Top1 and DF values indicate
greater model confidence that the next token to be generated is </think>. Lower Entropy signifies that the model’s
probability distribution for the next token is more sharply peaked, indicating less uncertainty.

This timing captures the internal states of the LRM
after processing the entire pre-filled segment, in-
dicating its readiness to finalize thinking by the
</think> tag and its confidence level in deciding
whether to prolong reasoning. Based on our ex-
perimental observations, the top-1 prediction to-
ken at this point is consistently the </think> tag.
Therefore, instead of focusing on prediction cor-
rectness, we analyze how confidently the model
makes this decision. Specifically, we evaluate three
key metrics derived from the softmax distribution:
the highest probability value (Topl), the entropy
of the distribution, and the difference between the
highest and second-highest probability values (DF).

Results and Analysis. The results are presented in
Table 2. The NT questions exhibit significantly
higher prediction confidence metrics, observed
when the model is predicting the </think> tag that
terminates the pre-filled thinking placeholder con-
tent. The average Topl probability is highest for
NT (78.04). The average Entropy is lowest (1.06),
and the average DF is highest (71.83). These re-
sults indicate that, at this critical moment before
the thinking-end signal, the LRM’s internal state is
already highly determined, suggesting it is “ready”
to generate the answer directly.

In contrast, the IT and ET modes, both of which
ultimately involve further thinking, show relatively
lower and very similar levels of confidence. The
average Topl (70.87) and average DF (62.62) for
IT are slightly higher than those for ET (average
Topl 70.12, average DF 61.33), but the difference
between them is small. Their average Entropy val-
ues (IT 1.28, ET 1.25) are also close to each other
and significantly higher than the NT mode, by ap-
proximately 19%. The lower prediction confidence
for the </think> token in ET and IT modes in-
dicates a greater internal uncertainty within the
LRM. Despite the prompt stating that thinking is
finished, the LRM’s internal state for these ques-
tions suggests a lower conviction to terminate the

reasoning process. This hesitation may stem from
the LRM’s assessment that the question requires
more reasoning steps beyond what the pre-filled
prompt provides, making it less “convinced” by the
save-thinking instruction and and favoring contin-
ued reasoning over immediate termination.

Findings. The LRM exhibits higher prediction
confidence and lower uncertainty for the </think>
tag in NT mode, indicating a deterministic inter-
nal state favoring immediate answer generation. In
contrast, ET and IT modes show lower confidence,
reflecting hesitation to terminate reasoning despite
save-thinking instructions. This confidence gap of-
fers a key insight: higher confidence in thinking
termination may be necessary for skipping reason-
ing, helping explain the behavioral divergence.

3.3 Attention from Thinking to Generation

Motivation. Upon processing the full prompt in-
cluding the full pre-filled thinking segment and the
</think> token, the LRM is prepared to generate
the answer. We next investigate whether the LRM
displays distinct attention states when shifting from
input processing to answer generation, particularly
in relation to the observed thinking modes. To do
this, we analyze layer-wise attention activation vec-
tors when the LRM predicts its first output token.
The goal is to identify distinct high-dimensional
patterns or clusters corresponding to NT, ET, and
IT modes, thereby revealing how the internal at-
tentional state reflects or precipitates the model’s
behavioral divergence.

Results and Analysis. As shown in Figure 2, the
PCA visualization of the last layer’s attention ac-
tivation reveals distinct clustering patterns corre-
sponding to the different thinking modes. The sam-
ples belonging to the NT mode tend to form a clus-
ter that is largely separate from the ET mode. This
separation suggests that the internal attention state
before generating the first token is notably differ-
ent when the model proceeds directly to an answer
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Figure 2: PCA visualization of attention activation from the last layer for all samples in GSM8K and MATHS00.

compared to when it engages in further thinking.
Due to the smaller sample size of IT samples, they
do not exhibit a clear clustering characteristic on
their own. However, observing the distribution
of IT samples, particularly in the GSM8K dataset,
many IT samples are distributed within the ET clus-
ter, suggesting that the internal attention activation
patterns of the IT mode are more similar to those
of the ET mode than the NT mode.

Further Analysis. To quantitatively assess the sep-
aration between the clusters based on layer-wise at-
tention activation, we compute the Davies-Bouldin
Index (DB Index) for each layer. The DB Index
is a metric for evaluating clustering algorithms. A
lower DB Index indicates better separation between
clusters. The index is defined as:

S1+ 52

DB =
D12

()
where 57 and S5 are the average dispersion within
the two clusters, respectively, and D o is the dis-
tance between the centroids of the two clusters.
Due to the relatively small number of IT samples,
we focus our analysis mainly on ET and NT.

As shown in Figure 3, we observe a notable
trend in the DB Index values across the 64 lay-
ers in QwQ-32B. For both datasets, the DB Index
starts relatively high in the initial layers, indicat-
ing that the attention activation patterns of NT and
ET samples are less distinct. However, there is
a sharp decrease in the DB Index value starting
around Layer 5 for both datasets. This indicates
that the clusters corresponding to NT and ET think-
ing modes become significantly more separated in
terms of their attention activation patterns in early
layers. The DB Index then remains at a consis-
tently lower level throughout the subsequent layers,

—— GSM8K
MATH500

DB index value
A o o

N

0 10 20 30 40 50 60

Layer number

Figure 3: Davies-Bouldin Index (less is better) calcu-
lated for the NT and ET clusters based on layer-wise
attention activation across all 64 layers.

suggesting that this learned difference in attention
focus is maintained as the input signal propagates
through the deeper layers of the LRM. This early
and sustained divergence in layer-wise attention
activation provides strong evidence that the LRM
develops distinct internal representations for pro-
cessing prompts that lead to either direct answers
(NT) or require further thinking (ET).
Furthermore, we observe that the trend of the DB
Index is remarkably similar for both the GSM8K
and MATHS00 datasets. This consistency across
different datasets suggests that the mechanism by
which the LRM differentiates between ET and NT
is an inherent property of the model, rather than
being strongly influenced by the specific dataset.

Findings. Attention activation patterns diverge sig-
nificantly between NT and ET modes, with distinct
clustering emerging in early layers. The consistent
DB Index trends across datasets highlight that be-
havioral divergence stems from inherent model ar-
chitecture rather than task-specific factors. This lay-
ered separation underscores the role of early-stage
attention dynamics in shaping reasoning strategies.
In summary, the tendency to save thinking is partly
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Figure 4: The density distribution of attention scores under different thinking modes. Implicit thinking samples in
MATHS00 are too few to plot a density curve. The green dashed line indicates their average value.

NT IT ET
Datasets
Topl DF Topl DF Topl DF
GSMS8K 15.68 3.67 19.29 11.39 18.52 9.89
MATHS500 16.57 4.33 18.85 10.58 22.04 14.30
Average 15.78 3.74 19.27 11.36 20.56 12.45

Table 3: Topl and DF attention scores across different
thinking modes and datasets.

shaped by early internal states, which guide its sub-
sequent processing path before the model begins to
actually generate content.

3.4 Attentional Focus on Input Sections

Motivation. The preceding analysis indicates sig-
nificant differences in the internal states of the
LRM across different modes. We now explore the
underlying reasons for this difference. Specifically,
we aim to identify which input tokens and prompt
sections the LRM prioritizes at the onset of gen-
eration. To achieve this, we analyze the attention
output from the last layer (Layer 63), averaging
across all heads to identify the top-k most attended
tokens in the input. This analysis highlights the key
parts of the input that may influence the LRM’s
varying behaviors during generation.

The attention score for the first token ¢; attend-
ing to an input token z; in the last layer is:

H
1
AvgAttn(ty, x;) = T E Attny (t1, ) (2)
h=1

where H is the number of attention heads in the
last layer, and Attny, (1, x;) denotes the attention
weight from the first generated token ¢; to the input
token x; for the attention head h.

Based on our observation that the token with the
highest attention score consistently belongs to the
initial “user” role token, we quantify the attention
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Figure 5: Attention scores across prompt sections for
different thinking modes on the MATH500 dataset. The
results on GSMS8K are given in Appendix B and similar
findings can be obtained.

distribution towards this specific “user” token us-
ing metrics Topl attention score, and DF. In this
analysis, Topl attention score is simply the average
attention score directed towards the “user” token,
and DF is the difference between the attention to
the “user” token and the next most attended token.

Results and Analysis. Table 3 presents the average
attention scores and differences for the first gen-
erated token’s attention to the “user” token across
different thinking modes. The samples in the NT
mode exhibit significantly lower average Top1 at-
tention scores (15.78) and average DF values (3.74)
compared to the samples in the IT mode (Topl
19.27, DF 11.36) and ET mode (Top1 20.56, DF
12.45). This significant numerical difference is
visually confirmed in the attention score density
distribution shown in Figure 4. As depicted, the
peak of the attention score distribution for the NT
mode is notably shifted towards the left compared
to the other two modes, indicating that the first
token generated in this mode generally has lower
attention scores directed towards the “user” token.

This result directly reveals a difference in the
model’s internal processing focus across thinking
modes. When the LRM exhibits NT behavior, its
reduced attention to the initial “user” role token
during the generation of the first token suggests



GSMSK MATHS500

LRM setups Question groups
Accuracy Length Accuracy Length
NT 37.76 35 52.54 29
o IT 92.00 4037 100.00 710
QwQ-32B (w/ pre-filled thinking) ET 96.35 3505 97.63 9296
Average 53.28 999 87.00 7059
NT 94.09 5049 99.15 5714
o IT 94.67 7583 100.00 3965
QwQ-32B (w/o pre-filled thinking) ET 9561 5197 9578 10788
Average 94.32 5227 96.60 9549

Table 4: Performance across different LRM setups and question groups.

it is less anchored to the beginning of the user’s
request. This implies that relatively more attention
is allocated to other parts of the input, including
the pre-filled thinking content and formatting to-
kens. This shift in attention focus, from the original
request’s starting point towards the pre-filled com-
pletion signal, suggests that the LRM perceives
the pre-filled thinking segment as having provided
sufficient context and a signal to bypass further
reasoning on the original question. Consequently,
this internal state encourages the model to proceed
directly to final answer generation, characteristic
of NT behavior. Conversely, the higher attention to
the user token in thinking modes (IT/ET) indicates
a stronger focus on the original task, aligning with
the model’s tendency to re-engage in reasoning.

Further Analysis. To further investigate how the
model’s attention is distributed across different
parts of the input prompt in each thinking mode,
we segment the input based on the “assistant” role
token. The prompt is divided into three main sec-
tions: the “user” section, the “thinking” section
(the pre-filled content between the <think> and
</think> tags), and the “other” section (including
the “assistant” token itself and formatting tokens).
For each thinking mode, we compute the sum of
attention scores for tokens within each section.

As illustrated in Figure 5, a distinct pattern
emerges regarding the distribution of attention
across prompt sections in different thinking modes.
Consistent with our earlier findings on attention to
the initial “user” token, the NT mode exhibits a sig-
nificantly lower sum of attention directed towards
the “user” section and a markedly higher sum of
attention towards the “thinking” section compared
to the ET and IT modes. This shift in attention fo-
cus from the original task context to the pre-filled
thought suggests that in the NT mode, the LRM

perceives the pre-filled content as sufficient. This
internal state occasionally leads the LRM to bypass
further reasoning and proceed directly to answer
generation. Conversely, the higher sum of attention
allocated to the “user” section in ET and IT modes
aligns with the LRM’s tendency to re-engage with
the original task for additional reasoning.

Findings. The NT mode shifts attention away from
user instructions toward pre-filled thinking content.
In contrast, the ET and IT modes retain focus on the
task context, likely facilitating their re-engagement
in additional reasoning. This divergence reflects
a tension between external prompts and internal
reasoning demands. Future work could explore
whether explicitly guiding attention patterns im-
proves instruction adherence in RL-trained LRMs.

4 Analysis of Reasoning Performance

4.1 Thinking Modes and Performance

In this section, we analyze how different thinking
modes affect the final output quality. We report key
performance metrics—specifically accuracy and
output length—for each thinking mode. Further-
more, we compare the results to a baseline where
the LRM processes the same set of questions using
a standard prompt without the pre-filled thinking
section. This comparison helps assess the influence
of the pre-filled save-thinking instruction on the
LRM'’s ability to generate correct answers.

We divide questions in GSM8K and MATH500
into three groups based on the LRM’s behavior (NT,
IT, or ET) under the save-thinking instruction (i.e.,
with pre-filled thinking segment). Then, we evalu-
ate the performance of each group with a baseline
that uses a standard prompt and can engage in rea-
soning (i.e., without pre-filled thinking segment).
Table 4 presents the accuracy and output length
results for each group. In the NT group, when
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Figure 6: Topl softmax probability vs. acc. for NT.

thinking is bypassed, the LRM exhibits a dramatic
reduction in generated token count compared to
the baseline, saving over 99% of tokens. However,
this significant decrease in output length comes at
the cost of accuracy, with GSM8K accuracy falling
from 94.09% to 37.76% and MATH500 accuracy
dropping from 99.15% to 52.54%.

In contrast, in the ET group, the pre-filled think-
ing segment significantly shortens the output length
while still achieving high accuracy. Notably, its ac-
curacy even surpasses the baseline condition with-
out pre-filling. For instance, the output length for
the ET group decreased by approximately 32.6%
on GSMB8K and 13.8% on MATHS500 compared to
its baseline, yet its accuracies outperform the base-
line ET mode. Besides, although the sample num-
ber of the IT group is limited, preliminary obser-
vations indicate it also exhibits substantial length
reductions while maintaining robust accuracy. Ad-
ditionally, baseline results (w/o pre-filled thinking
segment) also show ET-categorized questions elicit
longer thought chains than NT-categorized ques-
tions. This implies that these questions in the ET
group are inherently more complex for the LRM.
These findings collectively suggest that prompting
LRMs to skip thinking can enhance efficiency with-
out a necessary trade-off in performance, and may
even yield accuracy improvements.

4.2 Confidence-Accuracy Correlation

Furthermore, we observe a clear relationship be-
tween the LRM’s internal prediction confidence
and the answer accuracy in NT mode. As illustrated
in Figure 6, higher Top1 softmax probabilities for
the token following the pre-filled segment corre-
spond to increased accuracy in NT group. This
suggests that a more confident LRM, after process-
ing the pre-filled completion signal, is more likely
to generate a correct direct answer without engag-
ing in further explicit or implicit thinking.

Questions Golden answers Answers
I have 10 liters of There are 15 x 3/5= The final
orange drink that 9 liters of water from  answer is

the 15 liters pineap- .
ple drink. After 1 liter
of orange drink was

are two-thirds wa-
ter and I wish to
add it to 15 liters

of pineapple drink  spilled, there were 10
that is three-fifths - 1 = 9 liters of or-
water. But as I ange drink left. Out

pour it, I spill one
liter of the orange
drink. How much
water is in the re-
maining 24 liters?

of the 9 liters, 9 x 2/3
= 6 liters are water.
Thus, there are a to-
tal of 9 + 6 = 15 liters
of water out of the 24
liters. The final an-
swer is .

A curve is pa- Att = 2, (z,y) = The final
rameterized by (23+7,—3-22—6~2— answer is
(zy) = ( + 5 —[(15.—20)] (15, —23) ]
7, —3t2—6t—5). )
Find the point

the curve passes
through at t = 2.

Table 5: Examples of incorrect answers in the NT mode.

4.3 Answer Error Analysis in NT Questions

When manually examining the incorrect answers
generated in the NT mode, we discover an interest-
ing phenomenon: despite bypassing explicit reason-
ing steps, the LRM frequently produces answers
that closely resemble the correct solution, often
differing by just a single digit or a minor numerical
variation. Table 5 presents two real examples il-
lustrating this phenomenon: one from the GSM8K
dataset and one from the MATH500 dataset. This
suggests that even when the LRM skips explicit
reasoning, it still engages in partial numerical pro-
cessing, leading to near-correct outputs. The ab-
sence of a complete thinking in the NT mode likely
leads to the calculation errors.

5 Conclusion and Future Work

In this work, we investigate how RL-trained LRMs
respond to save-thinking instructions, uncovering
three distinct behavioral modes: NT, ET, and IT.
NT exhibits higher termination confidence, with
early-layer attention patterns diverging fundamen-
tally from ET and IT. NT shifts focus to pre-filled
thinking content, while ET and IT maintain task-
specific attention. NT reduces output length but
decreases accuracy, whereas ET preserves accu-
racy with shorter outputs. These findings expose
critical inconsistencies in attention allocation and
reasoning reliability, demanding improved training
strategies for improving LRMs.



6 Limitations

While our study provides valuable insights into
the internal mechanisms of RL-trained LRMs un-
der save-thinking instructions, several limitations
should be acknowledged. First, our study relies on
two mathematical reasoning datasets, GSM8K and
MATHS500, which, while representative of struc-
tured reasoning tasks, may not fully capture the di-
versity of reasoning challenges encountered in real-
world applications. Second, our study does not ex-
plore potential mitigation strategies for improving
instruction adherence in RL-trained LRMs. Inves-
tigating alternative RL objectives, fine-tuning ap-
proaches, or adaptive prompting techniques could
help enhance model reliability and efficiency.
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on March 31, 2025. For all experiments conducted
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To determine the correctness of the model’s out-
put, we first extracted the final answer using regular
expressions. We then calculated the number of ex-
act matches (EM) with the golden answer. For
instances initially judged as incorrect by this auto-
mated process, we conducted manual verification
to check for any misjudgments by the matching
script. Finally, the samples that are exact matches
and those manually verified as correct are com-
bined to calculate the final accuracy rate.

B Attention Scores across Prompt
Sections on GSMSK

This section provides supplementary results for
the attention distribution analysis on the GSM8K
dataset, complementing the MATHS00 results pre-
sented in the main text. Figure 7 illustrates the
summed attention scores directed towards the “user’
section and the “think” section of the prompt for the
NT, ET, and IT modes when processing questions

k)

from the GSM8K dataset.
0.575 0.40
0.550
0.35
0.525
0.500
0.30
0.475
0.450 NT ET IT 0.25 NT ET IT
(a) User section (b) Think section

Figure 7: Attention scores across prompt sections for
different thinking modes on GSM8K.
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