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Abstract

Recent advancements in Large Reasoning Models (LRMs),
such as OpenAI’s o1/o3 and DeepSeek-R1, have demon-
strated remarkable performance in specialized reasoning tasks
through human-like deliberative thinking and long chain-of-
thought reasoning. However, our systematic evaluation across
various model families (DeepSeek, Qwen, and LLaMA) and
scales (7B to 32B) reveals that acquiring these deliberative rea-
soning capabilities significantly reduces the foundational ca-
pabilities of LRMs, including notable declines in helpfulness
and harmlessness, alongside substantially increased inference
costs. Importantly, we demonstrate that adaptive reasoning—
employing modes like Zero-Thinking, Less-Thinking, and
Summary-Thinking—can effectively alleviate these draw-
backs. Our empirical insights underline the critical need for
developing more versatile LRMs capable of dynamically al-
locating inference-time compute according to specific task
characteristics.

Code — https://github.com/SCIR-SC-Qiaoban-
Team/FreeEvalLM

1 Introduction
Recent advancements in large language models (LLMs), par-
ticularly OpenAI’s o1/o3 (Jaech et al. 2024; OpenAI 2025)
and the DeepSeek-R1 (Guo et al. 2025) series, have signaled
a significant shift toward large reasoning models (LRMs). Un-
like traditional LLMs (Brown et al. 2020; Dubey et al. 2024;
Team et al. 2024; Yang et al. 2024), LRMs demonstrate ex-
ceptional capabilities in handling complex reasoning tasks by
adopting human-like deliberative thinking processes. A key
distinguishing feature of LRMs is their ability to engage in
extensive chain-of-thought (CoT) reasoning, systematically
generating long reasoning traces composed of multiple inter-
mediate steps before providing answers to given queries (Li
et al. 2025d; Xu et al. 2025; Chen et al. 2025b).

Despite the growing interest in LRMs, the community’s
deep understanding of these models remains at an early stage.
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Recent research primarily focuses on assessing LRMs’ per-
formance in reasoning tasks, particularly analyzing their ef-
fectiveness (Wang et al. 2025; Li et al. 2025c; Ballon, Algaba,
and Ginis 2025; Golde et al. 2025), efficiency (Chen et al.
2024; Luo et al. 2025; Aggarwal and Welleck 2025), and
robustness (Huang et al. 2025a; Rajeev et al. 2025) within
these specific contexts.

However, broader implications regarding how these delib-
erative reasoning capabilities influence overall model perfor-
mance beyond specialized reasoning tasks remain relatively
unexplored. Exploring this connection is vital, as research
in cognitive science indicates a strong interplay between hu-
man reasoning capabilities and overall cognitive functions
(Stanovich, West, and Hertwig 2000; Kahneman 2011). Anal-
ogous to how human intelligence seamlessly integrates rapid
intuitive responses with reflective deliberation, reasoning in
frontier LRMs may similarly need to be an integrated feature
rather than an isolated capability (Anthropic 2025; Kimi et al.
2025). Thus, understanding whether and how deliberative rea-
soning impacts foundational capabilities of existing LRMs
could inform and guide future advancements in model design
and development.

To systematically investigate these questions, we conduct
comprehensive evaluations across three prominent LRM
families—DeepSeek, Qwen, and LLaMA—spanning multi-
ple scales including 7B, 32B and 70B models. Specifically,
we assess how acquiring deliberative reasoning capabilities
through model distillation (Guo et al. 2025; Muennighoff
et al. 2025; Ye et al. 2025; Li et al. 2025a) or large-scale rein-
forcement learning (Guo et al. 2025; Kimi et al. 2025; Qwen
2025) affects the models’ foundational capabilities. Current
evaluations define the foundational capabilities of models in
terms of their helpfulness and harmlessness (Ouyang et al.
2022), covering aspects such as general task performance,
instruction-following, and safety measures (Yang et al. 2024;
Dubey et al. 2024). Our extensive analysis and evaluation
have led us to two key insights.

Acquiring deliberative reasoning capabilities signifi-
cantly reduces the foundational capabilities of LRMs,
along with substantially increased inference costs.

Specifically, as previewed in Figure 1, LRMs obtained
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(a) Performance of the reasoning capability and the foundational capability across
different models.
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Figure 1: Comparison of efficacy and efficiency of different LRMs and their chat-versions LLMs.

through model distillation based on chat-version checkpoints
to gain deliberative reasoning abilities exhibit marked de-
clines in performance in terms of both helpfulness and harm-
lessness compared to their original chat versions. For in-
stance, the model s1.1-32B (Muennighoff et al. 2025) shows
a 47.38% decrease in instruction-following capability on
IFEval (Zhou et al. 2023) compared to its base chat model,
Qwen2.5-32B-Instruct (Yang et al. 2024), while incurring a
250% increase in inference costs.

Adaptive reasoning significantly enhances LRMs per-
formance across diverse tasks.

By inserting special tokens such as “<think></think>” at dif-
ferent positions within the LRMs’ thinking process (Muen-
nighoff et al. 2025; Jiang et al. 2025), we can manually con-
trol the inference-time compute, thereby implementing vari-
ous reasoning modes. These modes include Zero-Thinking
(no deliberate reasoning), Less-Thinking (brief reasoning),
and Summary-Thinking (concise summarization of reason-
ing). Our findings indicate that different reasoning modes
optimally serve distinct general tasks, highlighting the im-
portance of adaptive inference-time compute allocation in
LRMs. For example, Summary-Thinking can notably en-
hance instruction-following abilities, improving performance
of s1.1-32B and QwQ-32B by 59.74% and 4.44% respec-
tively on the IFEval. Similarly, Zero-Thinking significantly
boosts safety performance across all evaluated LRMs, effec-
tively reducing harmful or unintended outputs.

In summary, our work reveals that acquiring deliberative
reasoning capabilities, while essential for specialized reason-
ing tasks, significantly diminishes the foundational capabili-
ties of LRMs and dramatically increases inference costs. Our
findings highlight a critical gap in current LRMs regarding
balanced performance across diverse tasks and offer valu-

able empirical insights to guide future development of more
versatile, adaptive LRMs capable of dynamically allocating
inference-time resources based on specific task requirements.

2 Related Works
Large Reasoning Models We define the sequence of to-
kens representing an instruction as x. Similarly, the token
sequence corresponding to a response generated by an auto-
regressive model is denoted as y. For large reasoning models
(LRMs), the response y consists of two components: the
reasoning trace yCoT and the final answer yans, such that
y = yCoT ⊕ yans, where ⊕ indicates concatenation. The rea-
soning trace yCoT ⊂ y serves as the chain of thought (CoT),
enabling the model to explore alternative solution paths be-
fore arriving at the final answer.

A key characteristic of LRMs is their capacity to produce
explicit and extensive intermediate reasoning traces yCoT (Tie
et al. 2025; Kumar et al. 2025; Li et al. 2025d; Xu et al. 2025;
Chen et al. 2025b; Bandyopadhyay, Bhattacharjee, and Ekbal
2025). This ability facilitates the breakdown of complex prob-
lems into clear and interpretable reasoning chains, thereby
improving structured decision-making. Recent LRMs have
primarily been developed through two prominent approaches:
large-scale reinforcement learning (RL) and model distilla-
tion. Models trained via large-scale RL (Jaech et al. 2024;
DeepMind 2025; Guo et al. 2025; Kimi et al. 2025; Qwen
2025; OpenAI 2025) leverage extensive computational re-
sources and reward-driven optimization strategies to progres-
sively acquire sophisticated deliberative reasoning capabili-
ties. Conversely, distillation-based LRMs (Muennighoff et al.
2025; Ye et al. 2025; Li et al. 2025c,a; Team 2025) inherit
reasoning abilities by systematically transferring structured
reasoning patterns from larger teacher models into smaller

34977



Method Large Reasoning Model Fine-tuned Model

Distillation

OpenThinker-7B Qwen2.5-7B-Instruct
OpenThinker-32B Qwen2.5-32B-Instruct
s1.1-32B Qwen2.5-32B-Instruct
R1-Distill-Llama-70B Llama-3.3-70B-Instruct

Large-Scale RL
QwQ-32B -
DeepSeek-R1 DeepSeek-V3-Base

Table 1: This table summarizes the LRMs of different model
families and scales evaluated for foundational capabilities
and the fine-tuned source model.

models. Despite their methodological differences, both RL-
trained and distilled LRMs exhibit notable human-like delib-
erative reasoning, significantly enhancing their proficiency
in solving complex reasoning tasks.

Analysis on LRMs. Current analyses of LRMs primarily
concentrate on their performance within specialized reason-
ing tasks, focusing on their effectiveness (Wang et al. 2025;
Li et al. 2025c; Ballon, Algaba, and Ginis 2025; Golde et al.
2025), efficiency (Chen et al. 2024; Luo et al. 2025; Aggar-
wal and Welleck 2025), and robustness (Huang et al. 2025a;
Rajeev et al. 2025; Camposampiero et al. 2025). For example,
Chen et al. (2024) revealed a prominent “over-thinking” phe-
nomenon exhibited by LRMs when tackling mathematical
reasoning tasks, resulting in unnecessary complexity. Addi-
tionally, several other studies have explored the potential of
LRMs in specific contexts such as role-playing tasks (Feng,
Dou, and Kong 2025), agent-based tasks (Zhou et al. 2025b),
multilingual scenarios (Chen et al. 2025a; Zhang et al. 2025),
and safety-related performance (Arrieta et al. 2025; Jiang
et al. 2025; Zhou et al. 2025a; Huang et al. 2025b; Li et al.
2025b; Kuo et al. 2025; Parmar and Govindarajulu 2025). In
contrast, comprehensive evaluations examining the broader
foundational capabilities of LRMs, including both helpful-
ness and harmlessness remain relatively unexplored. Our
work aims to bridge this research gap by systematically in-
vestigating how deliberative reasoning impacts LRMs’ foun-
dational capabilities beyond specialized contexts.

3 Foundational Capability Evaluation of
LRMs

3.1 Evaluation Setup

Models We conduct comprehensive evaluations of LRMs
from various model families and scales to systematically ex-
amine the impact on foundational performance resulting from
the acquisition of strong reasoning capabilities through dis-
tillation or large-scale RL. Specifically, we analyze models
across different scales, including 7B, 32B, 70B, and 671B,
from the DeepSeek (Guo et al. 2025), Qwen (Yang et al.
2024), and LLaMA (Dubey et al. 2024) model families. De-
tailed specifications and configurations of the evaluated mod-
els are summarized in Table 1. For more training details of
each LRM, please refer to Appendix A.

Benchmarks We evaluate the foundational capabilities of
different LRMs using two widely recognized dimensions:
helpfulness and harmlessness (Ouyang et al. 2022). Specif-
ically, following Dubey et al. (2024); Yang et al. (2024);
Team et al. (2024), helpfulness encompasses general tasks as-
sessed by MMLU-Pro (Wang et al. 2024b) and Live-Bench
(White et al. 2024) (excluding math, coding, and reasoning),
along with instruction-following abilities measured by IFE-
val (Zhou et al. 2023) and MT-Bench (Zheng et al. 2023).
Harmlessness evaluations include responses to vanilla harm-
ful prompts: StrongReject (Souly et al. 2024) and jailbreak
attacks: WildJailbreak (Jiang et al. 2024). For further de-
tailed description and evaluation settings of these bench-
marks, please refer to Appendix B.

Metrics For MMLU-Pro, we adopt zero-shot chain-of-
thought (CoT) evaluation method, and accuracy is the primary
metric. For the instruction-following tasks in Live-Bench and
IFEval, we employ prompt-level evaluations, where models
must meet all input requirements for each prompt, resulting
in binary scoring (0 or 1). For other tasks in Live-Bench,
we calculate scores using methods such as matching and
similarity computation, resulting in a score between 0 and 1.
And MT-Bench is scored on a scale of 1 to 10 using GPT-4o
(OpenAI 2024) for evaluation, following the method of LLM-
as-a-judge (Zheng et al. 2023). For harmlessness evaluations,
we adopt rejection rate as the evaluation metric, which is also
judged and calculated by GPT-4o. Please refer to Appendix
C for detailed evaluation prompts.

Implementation Details We conduct inference for LRMs
using vLLM on 8 NVIDIA A100 GPUs. All LRMs’ decoding
hyper-parameters and prompt formatting strictly follow their
respective official configurations.

3.2 Overall Results
Incorporating deliberative reasoning into LRMs signif-
icantly diminishes their foundational capabilities, nega-
tively impacting both helpfulness and harmlessness. As
shown in Table 2, distilled LRMs exhibit notably lower per-
formance across most benchmarks of foundational capabil-
ity compared to their original chat-based counterparts. In-
terestingly, the R1-Distill-Llama-70B model demonstrates
an enhanced resistance to jailbreak attacks compared to the
Llama-3.3-70B-Instruct model—a detailed exploration of this
improvement will be provided in §4.1. For models trained
via large-scale reinforcement learning, concretely evaluating
shifts in their foundational capabilities is particularly chal-
lenging due to the lack of intermediate training checkpoints
from the model developers. However, by modifying their
reasoning modes and intensities, we can infer variations in
their overall performance. A deeper analysis of these insights
is provided and discussed in §4.2.

LRMs incur significant inference-time overhead when
performing general tasks. Figure 2 compares the thought
and response lengths of various 32B-scale LRMs across
benchmarks. These models consistently generate reasoning
processes that are considerably longer than their final re-
sponses, in stark contrast to their baseline chat counterparts.
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General Tasks Instruction Following Safety
MMLU-Pro Live-Bench IFEval MT-Bench StrongReject WildJailbreak

Qwen2.5-7B-Instruct 54.44 36.34 67.84 7.94 95.21 10.70
OpenThinker-7B 39.04 20.81 34.20 7.33 37.29 12.45
Qwen2.5-32B-Instruct 67.07 53.85 77.26 8.32 95.00 13.30
OpenThinker-32B 58.13 45.47 54.16 8.16 46.04 5.80
s1.1-32B 43.77 34.42 37.34 7.98 49.38 4.90

Llama-3.3-70B-Instruct 70.54 60.30 89.83 8.11 95.63 19.50
R1-Distill-Llama-70B 71.57 54.09 76.89 8.03 89.17 28.25

Table 2: The overall results of different LRMs on benchmarks for the evaluation of foundational capabilities. The best results are
highlighted in bold.

Figure 2: The thought and response lengths of various 32B-scale LRMs across benchmarks.

However, as indicated in Table 2, this substantial increase in
computational effort does not lead to better general task per-
formance. This discrepancy underscores a major inefficiency,
suggesting that deploying LRMs for general tasks results in
unnecessary computational resource consumption.

Llama-3.3-70B-Instruct R1-Distill-Llama-70B

DA 51.75 56.95
IF 85.36 71.94
LC 43.79 33.11

Mean 60.30 54.00

Table 3: Fine-grained analysis of performance changes in
R1-Distill-Llama-70B on Live-Bench.

4 Deeper Analysis
4.1 RQ1: Which Foundational Capabilities Are

Most Affected by Deliberative Reasoning?
Analysis on the Helpfulness Degradation We first con-
duct a fine-grained analysis of the performance changes in
LRMs on Live-Bench, as detailed in Table 3. Our analy-
sis indicates that the R1-Distill-Llama-70B exhibits signifi-
cant performance improvements in Data Analysis (DA) tasks.
This enhancement primarily results from an abundance of

code-formatted data in its training set, effectively match-
ing the JSON- and markdown-formatted tasks, such as table
reformatting and comprehension. Conversely, the observed
declines in Instruction Following (IF) and Language Com-
prehension (LC) performance stem largely from the models’
tendency to overlook detailed instructions during reasoning,
resulting in outputs that deviate from strict adherence to user-
specified requirements. Specific illustrative examples and
more analysis are provided in Appendix D.1.

And the primary reason for the performance degradation
of LRMs on IFEval is their reasoning process, which pre-
dominantly emphasizes understanding input content while
overlooking explicit formatting requirements. As illustrated
in Table 1 in Appendix D.1, users specified precise format-
ting instructions, particularly requests for responses to end
with certain phrases. Although R1-Distill-Llama-70B effec-
tively capture the user’s intention in its reasoning process and
clearly outlined five appropriate steps, it inadvertently added
an extra word, “the”, in its final sentence, thereby violating
the required response format. This issue represents a main
cause of LRMs’ decline in IFEval performance.

Finally, we also perform a turn-level analysis of LRMs’
results on the multi-turn instruction-following MT-Bench
dataset. Figure 6 in Appendix F.1 presents the performance
changes of different LRMs across the first and second turns
in MT-Bench. Overall, LRMs developed through distillation
exhibited a more pronounced performance drop specifically
in the second turn, leading to degraded multi-turn instruction-
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IF-Eval MT-Bench StrongReject WildJailbreak

Win. Length Lose. Length Win. Length Lose. Length Win. Length Lose. Length Win. Length Lose. Length

OpenThinker-7B 3145.14 2214.96 1796.01 3786.39 1421.73 2410.18 2875.47 2653.70
OpenThinker-32B 2959.91 2858.75 1877.64 2813.93 1144.25 2053.59 2000.77 2055.25
s1.1-32B 2463.40 2732.13 2095.17 3455.33 2690.8 2811.87 3241.24 3438.10
R1-Distill-Llama-70B 380.36 508.08 759.28 1138.43 504.85 781.38 356.79 698.08
QwQ-32B 828.14 1209.74 1287.54 2190.54 476.21 1180.50 657.67 981.14

Table 4: Comparison of thought length between performance-improving (Win. Length) and performance-declining (Lose. Length)
samples across different benchmarks.

OpenThinker-7B Safe Answer Unsafe Answer

Safe Thought 0 0.95%
Unsafe Thought 12.45% 86.60%

OpenThinker-32B Safe Answer Unsafe Answer

Safe Thought 0.15 1.40%
Unsafe Thought 5.65% 92.80%

QwQ-32B Safe Answer Unsafe Answer

Safe Thought 3.10% 5.45%
Unsafe Thought 7.55% 83.90%

R1-Distill-Llama-70B Safe Answer Unsafe Answer

Safe Thought 11.20% 8.45%
Unsafe Thought 17.05% 63.30%

Table 5: Safety analysis of different LRMs from different
model families and parameter scales on the WildJailbreak
benchmark. We categorize responses based on whether the
LRM’s thought process is safe or unsafe and whether the
final answer is safe or unsafe.

following capability.

Analysis on the Safety of the Thought and Response Ta-
ble 5 presents the analysis of the thought and response safety
of different LRMs on the WildJailbreak benchmark. We de-
rive the following key insights from the results: (1) Thoughts
are generally more unsafe than responses. For instance,
in the case of R1-Distill-Llama-70B, the unsafe rate of re-
sponses is 71% (8% unsafe answers from safe thoughts +
63% unsafe answers from unsafe thoughts). However, the
unsafe rate of thoughts reaches 80% (8% safe answers from
unsafe thoughts + 63% unsafe answers from unsafe thoughts
+ 17% safe answers from unsafe thoughts), indicating that
the internal reasoning process of LRMs tends to be riskier
than their final outputs. (2) Unsafe thoughts are the pri-
mary cause of unsafe responses. Across all models, unsafe
thoughts overwhelmingly lead to unsafe responses. Even
when responses are labeled as safe, their underlying thoughts
often contain unsafe and harmful content. These findings
reveal the nuanced risks in LRM safety and emphasize the
need for more robust safety measures that address both the
internal reasoning process and the final outputs. For detailed
case analyses, please refer to Appendix D.2.

Analysis of Thought Length and Performance Variation
In Table 4, by comparing LRMs with their corresponding
chat-based backbones across different benchmarks, we ob-
serve a consistent phenomenon: the thought length of sam-
ples where performance declines is significantly longer
than that of samples where performance improves.

This finding suggests that an overly prolonged reasoning
process may actually harm a LRM’s foundational capabil-
ity. This contradicts the widely accepted assumption that
increasing inference-time compute would always lead to bet-
ter performance. While we acknowledge that this assumption
might hold in reasoning tasks, our results indicate that for
more general tasks, the opposite effect occurs. This analysis
further highlights the importance of dynamically adaptive
inference-time compute allocation in LRMs depending on
the nature of the task. Instead of indiscriminately increasing
compute, LRMs should strategically balance thought length
to optimize performance across diverse tasks.

4.2 RQ2: How Does Inference-Time Compute
Affect LRMs’ Performance on General Tasks?

Thinking Mode We manipulate LRMs’ reasoning modes
to achieve varying levels of inference-time compute. Through
this controlled approach, we further explore how the delib-
erative reasoning processes inherent to LRMs affect their
overall foundational capabilities (Muennighoff et al. 2025;
Jiang et al. 2025). Specifically, by inserting special thinking
tokens such as <think></think> at different points within
LRMs’ reasoning processes, we implement the following
reasoning modes:
• Zero-thinking: We append the special end-of-thinking

token (e.g., </think>) immediately after the input, forcing
the model to bypass the reasoning process and directly
generate responses.

• Less-thinking: We inserted the </think> token at a certain
percentage (p%) of the model’s original reasoning process,
prematurely terminating deliberation and prompting the
final response generation. Specifically, p% is set to 10%,
20%, 50%, 60%, 80%, 90% in our experiments.

• Summary-Thinking: We summarize the model’s original
reasoning process using GPT-4o (OpenAI 2024), then rein-
sert this condensed version between the <think></think>
tokens, allowing the model to generate responses based on
this summarized reasoning. Detailed summary prompts and
their corresponding outcomes are provided in Appendix E.

• Summary-Thinking-Plus: Recent study suggests that
LRMs’ reasoning often begins with consistent patterns that
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General Tasks Instruction Following Safety
MMLU-Pro Live-Bench IFEval MT-Bench StrongReject WildJailbreak

OpenThinker-7B 39.04 20.81 32.72 7.58 37.29 12.45
+ Zero-Thinking 15.96 13.21 33.27 7.38 79.79 14.10
+ Summary-Thinking 42.66 12.48 28.10 7.47 50.83 8.70
+ Summary-Thinking-Plus 42.61 14.57 28.83 7.66 37.50 8.05

OpenThinker-32B 58.13 45.47 54.16 8.16 46.04 5.80
+ Zero-Thinking 44.43 19.43 37.34 8.03 88.54 9.40
+ Summary-Thinking 60.44 28.19 47.87 8.03 65.00 6.00
+ Summary-Thinking-Plus 60.52 28.77 45.66 7.94 52.29 6.40

s1.1-32B 43.77 33.72 37.34 7.98 49.38 4.90
+ Zero-Thinking 48.38 30.56 42.33 7.91 64.79 11.15
+ Summary-Thinking 69.61 44.16 54.16 8.14 53.96 4.70
+ Summary-Thinking-Plus 69.92 44.23 54.34 8.04 52.29 4.75

R1-Distill-Llama-70B 71.57 54.00 75.60 8.03 89.17 28.25
+ Zero-Thinking 41.17 38.91 63.22 7.33 99.17 89.10
+ Summary-Thinking 63.06 48.58 70.79 8.14 93.54 31.00
+ Summary-Thinking-Plus 66.92 51.54 73.75 8.21 92.29 25.60

QwQ-32B 72.94 68.64 75.60 8.51 95.00 10.65
+ Zero-Thinking 48.24 51.58 64.51 8.57 98.33 59.65
+ Summary-Thinking 76.07 66.64 77.26 8.57 93.33 11.60
+ Summary-Thinking-Plus 76.18 68.44 78.92 8.67 95.00 12.35

Table 6: The results of different LRMs under the Zero-Thinking, Summary-Thinking and Summary-Thinking-Plus mode for the
evaluation of foundational capabilities. The best results are highlighted in bold.

significantly influence accuracy (Ji et al. 2025). Therefore,
we preserve the first sentence of the original reasoning
trace and append it to the beginning of the summarized
thoughts, examining its effect on performance.

Results and Analysis

Zero-Thinking mode substantially enhances the harm-
lessness of LRMs but further reduces their helpfulness.

In Table 6, in the Zero-Thinking mode, LRMs trained via
large-scale RL or distillation demonstrate significant improve-
ments in resisting harmful queries and jailbreak attacks. For
example, R1-Distill-Llama-70B’s resistance to jailbreak at-
tacks surges from 28.25 to 89.10, outperforming even the
original chat version (19.5) by a substantial margin. Like-
wise, QwQ-32B shows notable progress in the WildJailbreak
benchmark, increasing from 10.65 to 59.65. Further case
studies, presented in Table 2 in Appendix D.2, indicate that
this enhanced performance is primarily driven by the model’s
reduced susceptibility to unsafe reasoning when bypassing
deliberative thinking, reinforcing our findings in §4.1.

Summary-Thinking and Less-Thinking modes stream-
line the reasoning process, leading to notabe enhance-
ment in LRMs’ helpfulness.

As shown in Table 6, LRMs under Summary-Thinking
consistently demonstrate improved performance on helpful-
ness, particularly evident in s1.1-32B and QwQ-32B. This

finding suggests that excessively verbose reasoning may hin-
der LRMs’ effectiveness in general tasks. Furthermore, re-
taining the first sentence of the original reasoning trace in
Summary-Thinking-Plus consistently yields even better out-
comes, validating the significance of initial reasoning patterns
for accurate results, thus corroborating recent findings on
mathematical tasks (Ji et al. 2025). To further investigate this
improvement, we compare the original and summary-based
reasoning traces in s1.1-32B, and find that the most salient
difference lies in the significant reduction of self-reflection
patterns in the summary variant. This reduction may be a key
factor contributing to performance gains. Detailed analysis is
provided in Appendix F.3.

A deeper analysis of the Less-Thinking mode reveals fur-
ther insights into LRMs’ adaptive reasoning behavior. Specif-
ically, Figure 3(a) presents the Less-Thinking results for s1.1-
32B, an LRM derived via model distillation, while Figure 3(b)
illustrates the Less-Thinking results for QwQ-32B, an LRM
obtained through large-scale RL. Despite differences in their
training methods, both models exhibit a consistent trend: the
optimal performance across most datasets occurs at varying
thinking ratios within the Less-Thinking mode, suggesting
that a fixed reasoning proportion does not universally maxi-
mize effectiveness across diverse tasks. Notably, the LRMs’
original Deliberative Reasoning mode (with a thinking ratio
of 1.0) generally does not yield optimal performance, further
highlighting the necessity of adaptive reasoning strategies
within current LRMs. For the results of Less-Thinking on

34981



0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Thinking Ratio

0

20

40

60

80

100

Pe
rf

or
m

an
ce

 (e
xc

ep
t M

T-
B

en
ch

)
MMLU-Pro
Live-Bench

IFEval
StrongReject

WildJailbreak
MT-Bench

0

1

2

3

4

5

6

7

8

9

M
T-

B
en

ch
 P

er
fo

rm
an

ce

(a) Less-Thinking of s1.1-32B.
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(b) Less-Thinking of QwQ-32B.

Figure 3: Performance analysis of LRMs under the Less-Thinking mode across multiple benchmarks. The x-axis denotes the
Thinking Ratio, indicating the proportion of deliberate reasoning steps utilized during inference. (a) The results for the distilled
LRM (s1.1-32B), (b) The results for the reinforcement learning-based LRM (QwQ-32B).

more LRMs, please refer to Appendix F.2.
Collectively, the empirical results and analyses in this sec-

tion underscore a critical conclusion:

Deploying LRMs effectively requires adaptive reason-
ing strategies tailored specifically to different tasks,
emphasizing the need for task-specific customization of
inference-time compute allocation.

5 Discussion on Future Direction
Our experimental results and analyses offer valuable guid-
ance for future development of more comprehensive and
usable LRMs, whether achieved through distillation or large-
scale Reinforcement Learning.

Regarding distillation methods, future research should ex-
plore two primary directions to enhance the deep reason-
ing capabilities of LRMs while safeguarding their general
performance on common tasks. Firstly, in terms of data se-
lection, enriching the diversity of training data is crucial to
ensure that LRMs maintain robustness in both helpfulness
and harmlessness dimensions. Secondly, from the perspec-
tive of algorithmic design, incorporating continual learning
techniques appears promising (Wang et al. 2024a; Wu et al.
2024). Possible solutions include further regularizing the gra-
dient optimization process (Wang et al. 2023) or introducing
additional architectures designed to mitigate performance
trade-offs (Zhao et al. 2024).

More importantly, future work should investigate methods
to enable LRMs to dynamically adjust their inference-time
compute based on input difficulty, thus achieving adaptive
reasoning (Snell et al. 2024; Chen et al. 2024). For instance,
recent studies suggest that training smaller models exclu-
sively on lengthy CoT-distilled data could adversely affect
their overall performance, whereas blending short and long
CoT data tends to yield superior distillation outcomes (Li
et al. 2025c). Similarly, other research efforts have consid-

ered integrating the length of the reasoning process as an
additional reward factor into large-scale reinforcement learn-
ing frameworks to penalize those tedious reasoning traces.
(Kimi et al. 2025; Zhao et al. 2025).

6 Conclusion
In this work, we systematically investigate the trade-offs of
integrating deliberative reasoning into LRMs. While recent
advances boost performance on complex reasoning tasks, we
find that acquiring such abilities—via distillation or reinforce-
ment learning—can degrade core capabilities like helpfulness
and safety, and increase inference costs. We show that adap-
tive reasoning strategies can help strike a balance, offering a
practical path toward more versatile and efficient LRMs.

Limitation
While our study offers useful empirical insights into how de-
liberative reasoning, adaptive reasoning, and foundational
capabilities interact in LRMs, several limitations remain.
First, our evaluations mainly cover general tasks, instruction
following, safety, and reasoning benchmarks. These tasks
reflect core abilities but do not capture broader real-world
scenarios such as multimodal interaction or open-ended di-
alogue. Second, although we assess three major LRM fam-
ilies (DeepSeek, Qwen, LLaMA), our analysis is limited
to specific checkpoints. Whether our observations hold for
other architectures—such as mixture-of-experts or multi-
modal LLMs—still requires further validation.
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