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Abstract001

Recent advances in Large Language Models002
(LLMs) have introduced Reasoning Large Lan-003
guage Models (RLLMs), which employ ex-004
tended thinking processes with reflection and005
self-correction capabilities, demonstrating the006
effectiveness of test-time scaling. RLLMs ex-007
hibit innate Chain-of-Thought (CoT) reason-008
ing capability obtained from training, lead-009
ing to a natural question: “Is CoT prompting,010
a popular In-Context Learning (ICL) method011
for chat LLMs, necessary to enhance the rea-012
soning capability of RLLMs?” In this work,013
we present the first comprehensive analysis of014
the impacts of Zero-shot CoT and Few-shot015
CoT on RLLMs across mathematical reasoning016
tasks. We examine models ranging from 1.5B017
to 32B parameters, finding that contrary to con-018
cerns, CoT prompting significantly enhances019
RLLMs’ performance in most scenarios. Our020
results reveal distinct patterns: large-capacity021
models show minimal improvement on simple022
tasks but substantial gains on complex prob-023
lems, while smaller models exhibit the opposite024
behavior. Further analysis demonstrates that025
CoT prompting effectively controls the distribu-026
tion of the numbers of thinking tokens and rea-027
soning steps, reducing excessive reflections by028
approximately 90% in some cases. Moreover,029
attention logits analysis reveals the RLLMs’030
overfitting to reflection-related words, which is031
mitigated by external CoT guidance. Notably,032
our experiments indicate that for RLLMs, one-033
shot CoT consistently yields superior perfor-034
mance compared to Few-shot CoT approaches.035
Our findings provide important insights for op-036
timizing RLLMs’ performance through appro-037
priate prompting strategies.038

1 Introduction039

Recent advances in Large Language Models040

(LLMs) have introduced Reasoning Large Lan-041

guage Models (RLLMs) such as OpenAI o1042

(2024), DeepSeek-R1 (2025), and Qwen QwQ043
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Let me break it down.
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Figure 1: CoT prompting continues to play an important
role in reasoning LLMs: (1) improving reasoning per-
formance, (2) controlling the number of thinking tokens,
(3) regulating the number of reasoning steps, and (4)
mitigating overthinking.

(2025). These models generate innate Chain-of- 044

Thought (CoT) before answering at inference time, 045

demonstrating the effectiveness of test-time scaling 046

(Muennighoff et al., 2025). Innate CoT is char- 047

acterized by reflection and self-correction, which 048

can significantly enhance a model’s ability to solve 049

complex reasoning tasks (Kumar et al., 2024). 050

Over the past three years, as one of the most 051

effective reasoning methods, CoT prompting (Wei 052

et al., 2022) has been widely applied to LLMs and 053

has helped models externally establish chain-like 054

thinking for reasoning problems. This approach 055

has significantly improved performance across var- 056

ious reasoning tasks (Zhang et al., 2022; Wang 057

et al., 2022; Lyu et al., 2023; Ge et al., 2024). 058

However, researchers from DeepSeek Guo et al. 059

(2025) have expressed concern that Few-shot CoT 060

might actually impair the performance of reason- 061

ing LLMs, implying that Few-shot CoT may not 062

benefit RLLMs as it does traditional LLMs. This 063

raises a concern: “Is CoT prompting, a popular 064

In-Context Learning (ICL) method for chat LLMs, 065

necessary to enhance the reasoning capability of 066

RLLMs?” 067

In this paper, we present the first comprehensive 068

analysis examining the impact of Zero-shot CoT 069

(Kojima et al., 2022) & Few-shot CoT (Wei et al., 070

2022) on RLLMs for mathematical problems. Our 071

experiments examine models with parameter sizes 072
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ranging from 1.5B to 32B, revealing that Zero-shot073

CoT & Few-shot CoT significantly enhance the074

performance of reasoning LLMs on mathematical075

tasks in most cases. Notably, for large-capacity076

models: the improvement on simple datasets is077

minimal; however, the improvement on complex078

datasets is substantial; whereas for small-capacity079

models, the situation is reversed. Additionally, we080

find that Zero-shot CoT & Few-shot CoT play a081

significant role in regulating the numbers of think-082

ing tokens and reasoning steps. To explore why083

direct prompting generates so many thinking to-084

kens, we have statistically analyzed the reflection085

frequency of RLLM outputs. Surprisingly, on com-086

plex datasets, the average frequency of reflection087

per question is as high as over 800 for the 1.5B088

capacity model and over 400 for the 32B capac-089

ity model. It is worth noting that CoT prompting090

can reduce the average number of reflections by091

about 90% in some cases. To explore the reason for092

RLLM’s excessive reliance on reflection, we con-093

ducted deep analysis of the attention logits (before094

softmax) and attention scores (after softmax) of R1-095

8B and found its particular focus on words such as096

“Wait,” “Double-Check,” and “Ensure.” In contrast,097

its base model, LLAMA3.1-8B-INSTRUCT, did098

not exhibit such special attention. Thus, we believe099

that the reason for this overthinking is the RLLM’s100

overfitting to reflection and self-correction mech-101

anisms. Through external prompt guidance, such102

as Zero-shot CoT & Few-shot CoT, the overfitting103

phenomenon can be alleviated. After observing104

the significant impact of Zero-shot CoT & Few-105

shot CoT on the performance of RLLMs, we con-106

ducted experiments to test the effect of the number107

of shots on performance. Unlike the common trend108

in LLMs where more shots generally lead to better109

performance, we found that one-shot CoT achieved110

the best performance across all datasets and mod-111

els.112

Our main contributions are as follows:113

• We are the first to conduct a comprehensive anal-114

ysis examining the impact of Zero-shot CoT &115

Few-shot CoT on RLLMs for mathematical prob-116

lems.117

• In terms of breadth, our experiments have re-118

vealed that Zero-shot CoT & Few-shot CoT119

plays a crucial role in controlling the distribution120

of the numbers of thinking tokens and reason-121

ing steps of RLLM, as well as in suppressing122

overthinking.123

• In terms of depth, we conducted a visualization124

analysis of the attention logits of RLLMs and 125

discovered the overfitting of RLLM to reflection 126

words. Additionally, our findings indicate that 127

one-shot CoT achieved the best performance for 128

RLLMs. 129

2 Does CoT Prompting Still Matter for 130

Reasoning LLMs? 131

In this section, we first highlight our experimental 132

findings, then introduce our experimental setup, 133

followed by details of each experiment and data 134

analysis. 135

We begin by highlighting some of the most ex- 136

citing results from our analysis here: 137

• In most cases, CoT prompting plays important 138

roles in improving the performance of reason- 139

ing LLMs. The magnitude of improvement is 140

influenced by the model’s parameter size and the 141

difficulty of the dataset. 142

• RLLMs suffer from serious overthinking, the 143

average frequency of reflection per question is as 144

high as over 800 for the 1.5B capacity model and 145

over 400 for the 32B capacity model on complex 146

datasets. CoT prompting can effectively alleviate 147

this issue. 148

• Setting the number of shots to 1 provides the 149

maximum performance of RLLMs. 150

2.1 Preliminary 151

We employ three external CoT prompting methods 152

in our experiments and briefly introduce these meth- 153

ods here: (1) Direct: only provides the problem 154

description directly (without the <think> token). 155

(2) Zero-shot CoT (Kojima et al., 2022): involves 156

appending a thought inducing phrase “Let’s think 157

step by step.” (3) Few-shot CoT (Wei et al., 2022): 158

provides the LLM with a few exemplars, including 159

task descriptions and expected outputs, to guide its 160

reasoning. See Appendix B.1 for details. 161

2.2 Setup 162

Models Our experimental subjects are open- 163

source reasoning LLMs: DeepSeek’s DEEPSEEK- 164

R1-DISTILL-QWEN-1.5, DEEPSEEK-R1- 165

DISTILL-QWEN-7B, DEEPSEEK-R1-DISTILL- 166

LLAMA-8B, DEEPSEEK-R1-DISTILL-QWEN- 167

14B, DEEPSEEK-R1-DISTILL-QWEN-32B, 168

abbreviated as R1-1.5B, R1-7B, R1-8B, R1-14B, 169

R1-32B respectively (Guo et al., 2025). Addition- 170

ally, we included open-source models from the 171

community: OPENO1-LLAMA-8B-V0.1 (Open 172
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MODEL PROMPT GSM8K ASDIV SAT_MATH MATH AIME24 AMC23

DEEPSEEK-R1 SERIES
R

1-
1.

5B Direct 5.7(−) 11.7(−) 46.9(−) 14.4(−) 3.3(−) 10.0(−)

Few-shot CoT 31.3(↑449.1) 50.9(↑335.0) 93.8(↑100.0) 55.4(↑284.7) 6.7(↑103.0) 40.0(↑300.0)

Zero-shot CoT 32.8(↑475.4) 43.8(↑274.4) 71.9(↑53.3) 37.7(↑161.8) 3.3(0.0) 30.0(↑200.0)

R
1-

7B

Direct 35.7(−) 60.2(−) 81.2(−) 29.4(−) 6.7(−) 17.5(−)

Few-shot CoT 81.1(↑127.2) 88.8(↑47.5) 96.9(↑19.3) 67.2(↑128.6) 20.0(↑198.5) 57.5(↑228.6)

Zero-shot CoT 69.6(↑95.0) 70.8(↑17.6) 78.1(↓3.8) 65.8(↑123.8) 6.7(0.0) 42.5(↑142.9)

R
1-

8B

Direct 78.2(−) 84.9(−) 65.6(−) 64.3(−) 36.7(−) 62.5(−)

Few-shot CoT 69.1(↓11.6) 81.7(↓3.8) 87.5(↑33.4) 66.7(↑3.7) 23.3(↓36.5) 50.0(↓20.0)
Zero-shot CoT 79.4(↑1.5) 85.1(↑0.2) 84.4(↑28.7) 68.4(↑6.4) 3.3(↓91.0) 52.5(↓16.0)

R
1-

14
B Direct 82.9(−) 76.3(−) 71.9(−) 35.3(−) 6.7(−) 15.0(−)

Few-shot CoT 89.8(↑8.3) 93.7(↑22.8) 87.5(↑21.7) 72.1(↑104.3) 33.0(↑392.5) 70.0(↑366.7)

Zero-shot CoT 82.2(↓0.8) 82.3(↑7.9) 90.6(↑25.9) 61.5(↑74.2) 13.3(↑98.5) 37.5(↑150.0)

R
1-

32
B Direct 82.7(−) 85.7(−) 81.2(−) 42.3(−) 10.0(−) 20.0(−)

Few-shot CoT 83.2(↑0.6) 92.5(↑7.9) 100.0(↑23.2) 79.0(↑86.8) 43.3(↑333.0) 57.5(↑187.5)

Zero-shot CoT 92.0(↑11.3) 90.1(↑5.1) 81.2(0.0) 75.6(↑78.7) 13.3(↑33.0) 55.0(↑175.0)

COMMUNITY MODELS

M
A

R
C

O
-7

B Direct 52.4(−) 55.7(−) 56.2(−) 47.8(−) 0.0(−) 32.5(−)

Few-shot CoT 35.8(↓31.7) 55.7(0.0) 78.1(↑39.0) 57.1(↑19.5) 3.3(↑∞) 40.0(↑23.1)

Zero-shot CoT 55.6(↑6.1) 59.2(↑6.3) 56.2(0.0) 38.2(↓20.1) 6.7(↑∞) 20.0(↓38.5)

O
P

E
N

O
1-

8B Direct 74.9(−) 77.0(−) 75.0(−) 36.1(−) 3.3(−) 32.5(−)

Few-shot CoT 71.2(↓4.9) 79.2(↑2.9) 84.4(↑12.5) 45.4(↑25.8) 3.3(0.0) 17.5(↓46.2)
Zero-shot CoT 74.9(0.0) 79.2(↑2.9) 78.1(↑4.1) 36.1(0.0) 3.3(0.0) 22.5(↓30.8)

Table 1: Accuracy (%) of various RLLMs across multiple datasets under different prompting settings: Direct
(baseline), Few-shot CoT, and Zero-shot CoT. For non-baseline methods, performance changes compared to Direct
prompting are shown below as percentages (%). For Few-shot CoT, the default number of shots is 5. Bold numbers
represent the highest accuracy achieved for each model-dataset combination across the three prompting methods.

Source O1, 2024), MARCO-O1 (Zhao et al., 2024),173

abbreviated as OPENO1-8B, MARCO-7B. For174

detailed decoding configurations, see Appendix175

B.2.176

Datasets We conduct our experiments on six177

mainstream English mathematical benchmarks,178

which cover difficulty levels ranging from ele-179

mentary school to competition level: GSM8K180

(Cobbe et al., 2021), ASDiv (Miao et al.,181

2021), SAT_MATH (Zhong et al., 2023), MATH182

(Hendrycks et al., 2021), AIME2024 (AI-MO,183

2024a), and AMC2023 (AI-MO, 2024b).184

Metrics We employed four metrics to analyze the185

experimental results: (1) Accuracy: The ratio of186

correct samples to the total number of samples; (2)187

Number of thinking tokens: The outputs of RLLMs188

comprise thinking and result parts. ’Thinking to-189

kens’ refers to the token count within the thinking190

component; (3) Number of reasoning steps: The191

number of steps contained in the thinking parts. 192

For example, “Firstly,...; Secondly, ...; Finally, ...” 193

contains three steps; and (4) Number of reflections: 194

The number of reflections per instance. For in- 195

stance, “Wait, ...” constitutes one reflection. See 196

Appendix B.3 for details. 197

2.3 The Impact of CoT prompting on 198

Accuracy of Reasoning LLMs 199

As shown in Table 1, in 72% of cases, Zero- 200

shot CoT and Few-shot CoT prompting continue 201

to have a general impact on improving the accu- 202

racy of reasoning LLMs. Notably, CoT prompt- 203

ing demonstrates significant performance enhance- 204

ments in specific model and dataset combinations. 205

For instance, Zero-shot CoT improved R1-1.5B’s 206

performance on the GSM8K dataset by 475.4%, 207

while Few-shot CoT enhanced R1-14B’s perfor- 208

mance on the AIME24 dataset by 392.5%. For 209

large-capacity models, the improvement on sim- 210
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(j) R1-14B, Direct
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(k) R1-14B, Few-shot CoT
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Figure 2: Distributions of thinking tokens across various RLLMs under three prompting methods evaluated on the
MATH benchmark. The horizontal axis indicates the number of thinking tokens in the thinking parts (#Token),
and the vertical axis represents the corresponding ratio. Histograms labeled “Correct” and “Incorrect” depict the
distribution of token counts for correctly and incorrectly solved problems, while the trend lines (“Correct Trend”
and “Incorrect Trend”) represent smoothed regression fits of these distributions.

ple datasets is minimal; however, the improve-211

ment on complex datasets is substantial. Con-212

versely, for small-capacity models, this situation213

is reversed. Taking R1-32B as an example of a214

large-capacity model, it shows improvements of up215

to 23.1% and as low as 0.6% on simple datasets 216

such as GSM8K, ASDiv, and SAT_MATH. How- 217

ever, on complex datasets like MATH, AIME24, 218

and AMC23, R1-32B demonstrated improvements 219

ranging from 33% to 333%. For small-capacity 220
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models, exemplified by R1-1.5B, improvements221

on the same simple datasets ranged from 53.3%222

to 475.44%, while on complex datasets, improve-223

ments ranged from no enhancement to up to 300%.224

2.4 The Distribution of Thinking Tokens225

As illustrated in Figure 2, the distributions of think-226

ing tokens across DeepSeek series models are pre-227

sented. From the analysis of prompting differences,228

under Direct prompting, the token distribution is229

highly dispersed, with numerous instances where230

the number of thinking tokens is less than 30. Few-231

shot CoT effectively regulates token distribution,232

with a substantial concentration of correct samples233

at approximately 100 tokens. This phenomenon234

can be attributed to LLMs’ tendency to emulate the235

examples provided in Few-shot CoT prompts. The236

token distribution for Zero-shot CoT can be inter-237

preted as an intermediate state between Direct and238

Few-shot CoT: samples with extremely few think-239

ing tokens persist, while simultaneously exhibiting240

clusters of correct samples concentrated within spe-241

cific ranges of thinking token counts. This indicates242

that CoT prompting not only influences accuracy243

but also affects the distribution of the number of244

thinking tokens. Additionally, from the perspective245

of model capacity, under both Direct and Zero-shot246

CoT conditions, the primary distribution of think-247

ing token quantities decreases as model capacity248

increases.249

Paradoxically, we observe that beyond a certain250

threshold in token distribution, accuracy actually251

decreases as the number of output tokens increases.252

This phenomenon appears to diverge from previous253

research findings (Muennighoff et al., 2025; Jin254

et al., 2024), which led us to conduct more in-depth255

experiments in the following sections.256

2.5 The Relationship Between Number of257

Reasoning Steps and Accuracy258

As shown in Figure 3, across two complex datasets259

under two prompting settings, there exists a gener-260

ally proportional relationship between the average261

numbers of thinking steps and accuracy. Notably,262

the slope of the trend line for Few-shot CoT ex-263

ceeds that of Direct. Additionally, the distribution264

of step counts in Few-shot CoT tends to be smaller.265

However, this does not resolve our confusion266

from the previous section, which prompted us to267

consider: why does accuracy increase with addi-268

tional steps while decreasing with additional to-269

kens? Upon analyzing the outputs of reasoning270

LLMs (see Appendix C for detail), we discovered 271

the following phenomenon: reasoning LLMs en- 272

gage in substantial reflection within individual rea- 273

soning steps to ensure answer correctness. Due 274

to this reflection behavior, some responses contain 275

few reasoning steps yet comprise numerous think- 276

ing tokens. This observation reminds us that the 277

numbers of reasoning steps and thinking tokens are 278

not proportionally related. 279

2.6 Excessive Reflection: The Unnecessary 280

Exhaustion of Thinking Tokens 281

As shown in Table 2, responses from reasoning 282

LLMs contain numerous reflection statements, indi- 283

cating excessive self-correction and reflection. For 284

example, R1-1.5B generates an average of 838.2 285

reflections per instance on the AIME24 dataset; 286

while even the large-capacity model R1-32B aver- 287

ages 414.2 reflections per instance under the same 288

conditions. Although AIME24 is a more challeng- 289

ing benchmark, generating hundreds of reflections 290

per instance is clearly unreasonable. Furthermore, 291

we observed a positive relationship between the 292

average number of reflections per instance and 293

dataset difficulty, meaning that as problem com- 294

plexity increases, reasoning LLMs tend to produce 295

even more frequent reflections. This aligns with our 296

intuition: the more challenging the problem, the 297

higher the model’s perplexity, leading to increased 298

self-correction and reflection. 299

For instance, after implementing Few-shot CoT, 300

R1-32B’s average reflections number per instance 301

decreased from 414.2 to 2.56, while accuracy in- 302

creased from 10% to 43.3%. It demonstrates that 303

the majority of reflections per instance are redun- 304

dant and produce unnecessary thinking tokens. 305

Furthermore, Zero-shot CoT demonstrates a 306

stronger inhibitory effect on excessive self- 307

correction and reflection compared to Few-shot 308

CoT when applied to complex datasets. For ex- 309

ample, on the AIME24 dataset, R1-14B averages 310

63.77 reflections per instance with Few-shot CoT, 311

whereas with Zero-shot CoT, this average decreases 312

to 8.80. Similarly, on the AMC23 dataset, R1-32B 313

averages 101.85 reflections per instance with Few- 314

shot CoT, while with Zero-shot CoT, this average 315

is reduced to 4.17. These findings indicate that 316

employing Zero shot CoT is a simpler and token 317

efficient method for suppressing overthinking. 318
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Figure 3: Relationship between accuracy and the average number of reasoning steps for different RLLMs evaluated
on AIME24 and AMC23. The horizontal axis represents the average number of reasoning steps (#Steps), and the
vertical axis represents accuracy. Dotted lines indicate regression fits illustrating the general correlation trends
between average number of reasoning steps and accuracy.
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Figure 4: Relationship between the number of reasoning steps (#Step) and accuracy of RLLMs on the GSM8K and
ASDiv datasets. The accuracy is averaged across individual reasoning steps provided by the RLLMs. Results show
that accuracy initially increases with the number of steps but declines after reaching an optimal point (around 2-3
steps).

3 Deeper Exploration319

3.1 Overthinking is Commonplace320

Our previous analysis identified excessive reflec-321

tions as a significant phenomenon in reasoning322

LLMs tackling complex mathematical problems.323

This behavior manifests as numerous reflections324

that increase token counts without proportionally325

improving accuracy. We now examine whether326

this behavior persists in simpler mathematical prob-327

lems.328

As shown in Figure 4, we analyzed the relation-329

ship between accuracy and reasoning steps across330

different model capacities on simpler datasets331

(GSM8K and ASDiv). The results reveal a con- 332

sistent pattern: accuracy initially increases with 333

additional reasoning steps but begins to decline af- 334

ter reaching an optimal point (typically 2-3 steps). 335

This inverted U-shaped relationship is particularly 336

pronounced in smaller models. For example, in 337

GSM8K with the R1-1.5B model (Figure 4a), accu- 338

racy peaks at 3 steps under Few-shot CoT prompt- 339

ing before dropping significantly at 4 steps. Sim- 340

ilarly, in ASDiv, optimal performance occurs at 341

2 steps before declining. Since these datasets 342

typically require no more than 3 steps to solve, 343

additional steps represent redundant reasoning 344
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MODEL
AIME24 AMC23 MATH

DIRECT 5-SHOT 0-COT† DIRECT 5-SHOT 0-COT DIRECT 5-SHOT 0-COT†

R1-1.5B 838.2 90.3(↓89.2) 18.1(↓97.8) 497.5 170.7(↓65.7)15.6(↓96.9) 23.5 5.0(↓78.8) 13.9(↓40.9)

R1-7B 435.1 167.8(↓61.4) 6.2(↓98.6) 406.4 123.6(↓69.6) 5.1(↓98.7) 14.2 2.0(↓86.0) 4.7(↓66.9)

R1-8B 59.9 49.2(↓18.0) 10.2(↓83.0) 41.4 60.6(↑46.4) 4.8(↓88.4) 2.0 1.5(↓25.6) 3.4(↑74.9)

R1-14B 529.0 63.8(↓87.9) 8.8(↓98.3) 307.9 52.4(↓83.0) 6.6(↓97.9) 10.5 1.6(↓84.6) 4.4(↓58.5)

R1-32B 414.2 2.6(↓99.4) 7.8(↓98.1) 268.0 101.9(↓62.0) 4.2(↓98.4) 6.9 1.1(↓83.5) 3.0(↓57.0)

QWEN2.5-MATH 0.0 0.0(0.0) 0.0(0.0) 0.0 0.0(0.0) 0.0(0.0) 0.1 0.0(↓33.3) 0.0(↓83.3)

LLAMA3.1-8B 0.0 0.0(0.0) 0.0(0.0) 0.0 0.0(0.0) 0.0(0.0) 0.2 0.0(↓100.0)0.5(↑113.6)

Table 2: Average number of reflections per instance across different LLMs under three prompting settings on
three mathematical datasets. Values shown in gray indicate results under the Direct baseline. For non-baseline
methods, relative performance changes are shown below as percentages (%). Models QWEN2.5-MATH-7B and
LLAMA3.1-8B-INSTRUCT, abbreviated as QWEN2.5-MATH and LLAMA3.1-8B respectively, are included as
comparative baselines since they serve as the base models from which R1-7B and R1-8B are fine-tuned. †: 0-CoT
refers to Zero-shot CoT.

#SHOTS R1-1.5B R1-7B R1-14B R1-32B

0 3.3(−) 6.7(−) 6.7(−) 10.0(−)

1 13.3(↑ 303.0) 23.3(↑ 247.8) 36.7(↑ 447.8) 56.7(↑ 467.0)

2 3.3(0.0) 10.0(↑ 49.3) 26.7(↑ 298.5) 40.0(↑ 300.0)

3 10.0(↑ 203.0) 20.0(↑ 198.5) 23.3(↑ 247.8) 30.0(↑ 200.0)

4 6.7(↑ 103.0) 23.3(↑ 247.8) 33.3(↑ 397.0) 43.3(↑ 333.0)

5 6.7(↑ 103.0) 20.0(↑ 198.5) 33.0(↑ 392.5) 43.3(↑ 333.0)

Table 3: Accuracy (%) of RLLMs on the AIME24 dataset under different Few-shot CoT settings. “#Shots” indicates
the number of Question-Answer pairs as examples provided to the model. The baseline (Direct, without any
Question-Answer pair as example) is shaded in grey, with percentages below showing relative performance changes
(%) compared to this baseline. Bold numbers represent the highest accuracy achieved for each model.

rather than productive problem-solving. This phe-345

nomenon appears universally across model sizes,346

though its severity varies. Smaller models (R1-347

1.5B and R1-7B) experience more dramatic per-348

formance degradation with excessive steps, while349

larger models (R1-14B and R1-32B) maintain rel-350

atively stable performance even with additional351

steps. These findings confirm that excessive re-352

flection remains prevalent even in simpler datasets,353

and that adding steps beyond necessity does not354

improve and often harms accuracy.355

3.2 Impact of the Number of Shots on RLLM356

Performance357

In the preceding sections, our experiments have358

demonstrated that CoT prompting significantly en-359

hances the performance of reasoning LLMs across360

most scenarios. However, in our default experi-361

mental configuration, we utilized a five-shot setting362

for Few-shot CoT prompting. This raises a ques-363

tion: What is the optimal number of exemplars for 364

maximizing RLLM performance, and how does 365

performance vary as the number of shots changes? 366

Table 3 presents the accuracy of various 367

DeepSeek models on the challenging AIME24 368

dataset under different Few-shot CoT settings (0-5 369

shots). The results reveal a clear pattern: provid- 370

ing exactly one Question-Answer pair (one-shot) 371

yields optimal or near-optimal performance for 372

most model sizes. For R1-1.5B, R1-14B, and R1- 373

32B, one-shot CoT prompting produces the highest 374

accuracy, with improvements ranging from 303.0% 375

for R1-1.5B to 467.0% for R1-32B compared to the 376

Direct baseline. This finding suggests that minimal 377

exemplification—just a single example—provides 378

sufficient structural guidance for most RLLMs to 379

navigate complex reasoning tasks. Additional ex- 380

amples beyond this point rarely improve perfor- 381

mance and often lead to degradation, particularly 382

in the 2-3 shot range. This pattern indicates that 383
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Figure 5: Visualization of attention distribution in LLAMA3.1-8B-INSTRUCT and R1-8B. The heatmaps (left side)
show attention logits (before softmax), averaged over all heads per layer, and the corresponding bar graphs (right
side) illustrate the softmax-normalized attention scores for the input sequence “Wait, let me double-check to ensure
I haven’t misread the problem.” Subfigures (a)-(d) represent the LLAMA3.1-8B-INSTRUCT at layers 9 and 26,
while subfigures (e)-(h) depict the R1-8B at the same layers. Here, the attention scores, denoted by α, are computed
as α = Eh [σ(A)].

RLLMs may struggle with interference from mul-384

tiple examples, with a single clear example pro-385

viding the optimal balance between guidance and386

flexibility.387

3.3 Attention-Based Insights into388

Over-Reflection389

To investigate the mechanistic origins of exces-390

sive reflection, we analyzed attention patterns391

in R1-8B and its base model LLAMA3.1-8B-392

INSTRUCT. Figure 5 visualizes their attention dis-393

tribution mechanisms when processing a typical394

reflection phrase.395

The visualizations reveal that R1-8B allocates396

significantly higher attention to reflection tokens397

compared to LLAMA3.1-8B-INSTRUCT. At both398

middle (layer 9) and deep (layer 26) layers, R1-8B399

exhibits intensified attention logits for tokens such400

as “Wait” and “double-check” (Figures 5e and 5g).401

This pattern is further confirmed in the normalized402

attention scores, where R1-8B allocates substan-403

tially higher attention to “Wait” (Figures 5f and404

5h) than LLAMA3.1-8B-INSTRUCT (Figures 5b405

and 5d). These observations suggest that reason-406

ing LLMs have demonstrated an oversensitivity to407

linguistic markers of verification and reassessment408

during their training process. This hyperattention409

to reflection cues likely contributes to the excessive410

reflection behavior observed in our experiments. 411

The phenomenon appears to stem from an unin- 412

tended consequence of RLLM training, wherein 413

models overfit to reflection-related keywords. 414

4 Conclusion 415

Our study provides the first comprehensive analy- 416

sis of CoT prompting for RLLMs, addressing con- 417

cerns about its potential negative impact. Our ex- 418

periments across models from 1.5B to 32B param- 419

eters on various mathematical tasks demonstrate 420

that both Zero-shot CoT and Few-shot CoT signif- 421

icantly enhance RLLM performance in most sce- 422

narios. Large-capacity models showed minimal 423

improvement on simple tasks but substantial gains 424

on complex problems, while smaller models exhib- 425

ited the opposite pattern. Notably, one-shot prompt- 426

ing consistently outperforms multi-shot approaches. 427

Additionally, CoT effectively regulates thinking 428

token distribution and reasoning steps, reducing 429

excessive reflection. Attention analysis revealed 430

the mechanism behind this phenomenon: RLLMs 431

overfit to reflection-related linguistic tokens, which 432

CoT helps mitigate. Our findings provide crucial in- 433

sights for optimizing RLLM performance through 434

appropriate prompting strategies, confirming that 435

external CoT remains vital for enhancing mathe- 436

matical reasoning in RLLMs. 437
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Limitations438

While our study provides comprehensive analysis439

of CoT prompting effects on RLLMs, several limi-440

tations should be acknowledged. First, our experi-441

ments focus primarily on mathematical reasoning442

tasks, and the generalizability to other reasoning443

domains (e.g., commonsense reasoning, logical rea-444

soning) remains to be validated. Second, we eval-445

uate only open-source RLLMs due to API limita-446

tions, and our findings may not directly transfer to447

proprietary models like OpenAI o1. Third, our at-448

tention analysis is conducted on specific layers and449

may not capture the full complexity of attention450

patterns across all architectures. Finally, while we451

demonstrate that one-shot CoT outperforms multi-452

shot approaches, the optimal prompting strategy453

may vary across different task types and model454

configurations.455

Ethics Statement456

In conducting our research, we place paramount457

importance on ethical standards to ensure integrity458

and contribute positively to the scientific commu-459

nity. We exclusively utilize open-source datasets,460

ensuring that our work is built upon accessible461

and transparent resources. Our methods employ462

models that are either open-source or have gained463

wide recognition for their reliability and ethical use464

within the academic community. Furthermore, we465

have meticulously designed our methodology to466

prevent the generation of harmful or misleading467

information, thereby safeguarding the integrity of468

our findings.469
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A Related Works570

A.1 Research and Analysis on CoT Prompting571

Chain-of-Thought prompting, first introduced by572

Wei et al. (2022), showed that providing exem-573

plars of intermediate reasoning steps can signifi-574

cantly boost LLMs’ performance on complex tasks.575

Soon after, Kojima et al. (2022) discovered that576

even without any demonstrations, simply append-577

ing a prompt like "Let’s think step by step" en-578

ables strong Zero-shot CoT reasoning. Subsequent579

efforts focused on automating and refining CoT580

prompts. Zhang et al. (2022) proposed Auto-CoT,581

which automatically generates diverse reasoning582

chains for Few-shot prompts. In parallel, Wang583

et al. (2022) introduced a self-consistency decod-584

ing strategy: by sampling multiple distinct reason-585

ing paths and selecting the most consistent final586

answer, they achieved striking performance gains587

in CoT prompting. Beyond new prompting strate-588

gies, researchers also analyzed how CoT content589

affects outcomes. Jin et al. (2024) found that longer590

reasoning sequences, even containing minor mis-591

takes, substantially enhance LLM reasoning ac-592

curacy, whereas overly concise chains degrade it.593

Building upon this work, Wu et al. (2025) demon-594

strate that a nuanced relationship exists between595

CoT length and performance, identifying an opti-596

mal length that balances decomposition benefits597

against error accumulation based on model capa-598

bility and task complexity.599

A.2 Reasoning Large Language Models with600

Innate CoT601

Despite the excellent performance of CoT prompt-602

ing, inherent limitations in adaptability persist; con-603

sequently, reasoning LLMs, such as OpenAI’s o1604

(2024) have been introduced to generate reason-605

ing internally, offering enhanced efficiency and606

broader generality. Shortly after its introduction,607

the research community responded with projects:608

Open-O1 (2024). Subsequently, Alibaba launched609

both Marco-O1 (2024) and QWQ-preview (2024).610

The former integrates search algorithms and re-611

flective prompting within a small-scale model to612

achieve step-by-step problem solving despite lim-613

ited resources, whereas the latter illustrates that614

medium-scale open-source models, when com-615

bined with reinforcement learning, can approach616

the reasoning capabilities of larger proprietary mod-617

els. DeepSeek-R1 (2025) represents the apex of618

this evolutionary trajectory by adopting an extreme619

“large-scale + pure reinforcement learning” route 620

to achieve reasoning performance on par with Ope- 621

nAI’s O1 models. However, researchers from 622

DeepSeek Guo et al. (2025) have expressed con- 623

cern that Few-shot CoT might impair the perfor- 624

mance of RLLMs, implying that Few-shot CoT 625

may not benefit RLLMs as it does traditional LLMs. 626

The concern sparked our curiosity. Although pre- 627

vious research has explored the impact of CoT 628

prompting on LLMs, our work is the first detailed 629

study on the influence of CoT prompting on rea- 630

soning LLMs. 631

B Detail of Experiment 632

B.1 Prompt 633

Table 4 presents detailed prompt templates for 634

DeepSeek series models distilled from the Qwen 635

family (e.g., R1-1.5B, R1-7B). When adapting to a 636

LLaMA-based model (e.g., R1-8B, LLAMA3.1- 637

8B-INSTRUCT), the template undergoes a replace- 638

ment of “Question:” with “User:” and “Answer:” 639

with “Assistant:”. For MARCO-7B, the tem- 640

plate undergoes a replacement of “Question:” with 641

“User:” and “Answer:” with “Content:”. 642

Below we provide examples of the CoT prompt- 643

ing templates used in our experiments. These exam- 644

ples demonstrate how we formatted different types 645

of mathematical problems and their corresponding 646

CoT solutions across various datasets. 647

For simpler datasets like GSM8K and ASDiv, we 648

selected question-answer pairs that demonstrate ba- 649

sic arithmetic reasoning, as shown in the following 650

example: 651

Example from GSM8K
Question: There are 15 trees in the grove. Grove workers
will plant trees in the grove today. After they are done,
there will be 21 trees. How many trees did the grove
workers plant today?

Answer: There are 15 trees originally. Then there
were 21 trees after some more were planted. So there must
have been 21 - 15 = 6. The answer is 6.

652

For more complex datasets like AMC23, 653

AIME24 and MATH, we utilized examples that 654

demonstrate advanced mathematical reasoning 655

with explicit step-by-step solutions: 656
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Example from MATH
Question: Kevin Kangaroo begins hopping on a number
line at 0. He wants to get to 1, but he can hop only 1

3
of

the distance. Each hop tires him out so that he continues to
hop 1

3
of the remaining distance. How far has he hopped

after five hops? Express your answer as a common fraction.

Answer: Let’s think step by step Kevin hops 1/3
of the remaining distance with every hop. His first
hop takes 1/3 closer. For his second hop, he has 2/3
left to travel, so he hops forward (2/3)(1/3). For
his third hop, he has (2/3)2 left to travel, so he hops
forward (2/3)2(1/3). In general, Kevin hops forward
(2/3)k−1(1/3) on his kth hop. We want to find how far
he has hopped after five hops. This is a finite geometric
series with first term 1/3, common ratio 2/3, and five

terms. Thus, Kevin has hopped
1
3

(
1−( 2

3 )
5
)

1− 2
3

=
211

243
.

The answer is 211
243

.
657

For multiple choice datasets like SAT_MATH,658

we included multiple-choice format examples:659

Example from SAT_MATH

Question: If x−1
3

= k and k = 3, what is the value of x ?
Answer Choices: (A) 2 (B) 4 (C) 9 (D) 10

Answer: If k = 3, then x − 1 = 3 × 3, there-
fore, x− 1 = 9 and x = 10. The answer is D.

660

B.2 Implementation Details661

We deploy the open-source LLMs for our experi-662

ments on a 4 × NVIDIA A800 server. The decoding663

temperature was set to zero (Greedy decoding). We664

set the number of maximum new tokens according665

to the level of datasets. Specifically, for simple666

datasets (GSM8K, ASDiv, SAT_MATH), the num-667

ber of maximum token per call is set to 2048; for668

complex datasets (AIME24, AMC23), it is set to669

32768.670

B.3 Metrics671

Accuracy

Accuracy =
#correct answers
#total questions

(1)672

where # represents the number of instances.673

Number of Thinking Tokens For OPENO1-8B,674

the thinking part is wrapped in ’<Thought>’ tags.675

For others, the content before the last final answer676

keywords is defined as thinking parts. The answer677

keywords contain: “the answer is”, “The answer678

is”, “Final Answer”, “final answer is”, “**Final679

Answer”, “**Conclusion:**”, “**Answer:**”.680

Number of Reasoning steps We employ 681

LLAMA3.1-8B-INSTRUCT to analyze the think- 682

ing part of RLLMs’ responses, specifically to quan- 683

tify the number of reasoning steps. The prompt 684

templates are utilized as follows: 685

Prompt Template for Answering The Number of
Reasoning Steps

Analyze the following mathematical solution and count
how many distinct thinking steps are used.
A step is defined as a logical unit where a specific
calculation or deduction is made.
Equations that are directly derived from previous ones
count as the same step if they’re part of the same logical
operation.
Here’s a solution example:

To find the total meters James runs in a week, we need to
break down the problem step by step. First, determine how
many sprints James does each week. He runs 3 sprints 3
times a week, so the total number of sprints is 3 multiplied
by 3, which equals 9 sprints.
Next, calculate the total distance by multiplying the num-
ber of sprints by the distance of each sprint. Each sprint is
60 meters, so 9 sprints multiplied by 60 meters per sprint
equals 540 meters.
Therefore, James runs a total of 540 meters each week.
Solution:
To determine the total number of meters James runs in a
week, follow these steps:
1. Calculate the total number of sprints per week:
James runs 3 sprints each day and does this 3 times a week.

Total sprints per week = 3 sprints/day×3 days = 9 sprints

2. Calculate the total distance run:
Each sprint is 60 meters. Multiply the total number of
sprints by the distance of each sprint.

Total distance = 9 sprints×60 meters/sprint = 540 meters

Final Answer:

540 meters

For this example solution, the answer would be:
{{“num_steps”: 2}}
Because there are 2 distinct thinking steps:
1. Calculating the total number of sprints per week 2.
Calculating the total distance run
Now analyze the following solution:
Solution to analyze:
<RLLMs’ response content>
Provide only a JSON object with the following format:
{{“num_steps”: <number of distinct thinking steps>}}

686

Number of reflection We quantify the frequency 687

of reflective keywords within the thinking parts of 688

RLLMs’ responses. 689

The reflective keywords contain: “wait”, “Let 690

me think”, “I need to reconsider”, “Let me recal- 691

culate”, “Let me double-check”, “Let me verify”, 692

“Let me correct”, “Let me revise”, “Let me rethink”, 693
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Prompt Style Prompt Template
Direct Question: <Question> \n Answer:

Zero-shot CoT Question: <Question> \n Answer: Let’s think step by step.

Few-shot CoT Question: <Example question> Answer: <Example Answer> \n ... (more Few-shot CoT examples) \n
Question: <Question> \n Answer:

Table 4: Prompt styles and their corresponding templates for DeepSeek series models distilled from the Qwen
family.

“Let me try again”, “Hold on”, “I see a problem”,694

“Let me backtrack”, “Let me restart”, “I need to695

rethink”, “Let me approach this differently”, “Let696

me redo”, “No, that’s not right”, “Let’s break down697

the reasoning”.698

C Case Study699

To further illustrate our findings, we present a de-700

tailed case study comparing the reasoning process701

of the R1-32B model across different prompting702

methods. We selected a problem, as shown below,703

from the AIME24 dataset that was solved correctly704

under both Direct and Few-shot CoT settings.705

Pure Question from AIME24
Alice chooses a set A of positive integers. Then Bob lists
all finite nonempty sets B of positive integers with the
property that the maximum element of B belongs to A.
Bob’s list has 2024 sets. Find the sum of the elements of
A.

706

Under direct prompting, R1-32B generates 1088707

thinking tokens across 15 reasoning steps, exhibit-708

ing extensive self-reflection patterns. The model709

frequently interrupts its own reasoning with phrases710

like “Wait” and “Let me check” (highlighted in red),711

demonstrating the excessive reflection tendency712

identified in our experimental analysis. Despite713

reaching the correct answer (55) midway through714

its reasoning, the model continues to question its715

conclusion, alternating between accepting and re-716

jecting its own results before finally committing to717

the correct answer.718

Answer of R1-32B of Problem Described Directly
Okay, so... Hmm, so... Let’s break this down... Well, for...
So, the number... Since... Therefore...
Sum... We need... Wait, but 2024 is equal... So, if we can
express...
But 2024 is equal to... Hmm, but 24 is 16 + 8, which is...
So, 2024 = ...
But wait, that would mean... But in terms of binary... Let
me check:...
210 is 1024, 211 is 2048. So... 24 is 16 + 8, so 2024 is...
But in binary, 2024 is... Let’s verify:
11111101000 is: 1 ∗ 210 = ...1 ∗ 29 = ...1 ∗ 28 =
...1 ∗ 27 = ...1 ∗ 26 = ...1 ∗ 25 = ...0 ∗ 24 = ...1 ∗ 23 =
...0 ∗ 22 = ...0 ∗ 21 = ...0 ∗ 20 = ...
Adding these up... Yes, that’s correct.
So, 2024 in binary is... which corresponds to... So, the
exponents are...
But in our earlier equation... So, each term... Therefore,
the exponents... So, a - 1 = ... Therefore ...
Therefore, the sum... Let’s compute that:
4+6 = ...10+7 = ...17+8 = ...25+9 = ...34+10 =
...44 + 11 = ... So, the sum is 55.
Wait, but the initial answer was 2024, which is wrong
because... So, the initial thought was incorrect.
Therefore, the correct answer should be 2024.
But let me double-check.
We have... Expressed in binary, 2024 is... which has 1s at
positions... So, the exponents... so a = ...
Compute step by step: 4 + 6 = ...10 + 7 = ...17 + 8 =
...25 + 9 = ...34 + 10 = ...44 + 11 = 55.
Yes, that’s correct. So, the sum is 55.
Therefore, the initial answer of 2024 was incorrect. The
correct answer is 55.
But wait, let me think again. Is there another way...
The problem says:... So, for each a in A... Therefore, the
total number... So, we need... So, 2024 is...
Hence, the answer is 55.
But wait, the initial answer was 2024, which is... So, the
user...
Therefore, the correct answer is 55.
But let me check once more.
Suppose A = ... Then, for each a in A... So, for a=4: ...
a=6: ... a=7: ... a=8: ... a=9: ... a=10: ... a=11: ...
Now, let’s sum these up: 8 + 32 = ...40 + 64 = ...104 +
128 = ...232 + 256 = ...488 + 512 = ...
Yes, that’s correct. So, the total number of sets is indeed
2024, and the sum of A is 55.
Therefore, the answer is 55. 55

719

In contrast, when prompted with Few-shot CoT, 720

the same model produces only 420 thinking tokens 721

across 12 reasoning steps—a 61.4% reduction in to- 722

ken consumption. The reasoning process displays 723

markedly higher information density per step, with 724

significantly fewer reflective interruptions. While 725
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the model still engages in some verification (as726

seen in the “Wait, let’s compute” statement), the727

overall reasoning follows a more direct path toward728

the solution with minimal redundancy.729

Answer of R1-32B of Problem Described with
Few-shot CoT Prompting

Let’s think... Let’s denote... Each element... Therefore, the
total... Given that... SumainA2

a−1 = 2024.
Let’s factor 2024: 2024÷2 = ...1012÷2 = ...506÷2 =
...253÷ 11 = ...
So, 2024 = 23 × 11× 23.
We need... But 2024 in binary...
Wait, let’s compute 2024 in binary:
2024 ÷ 2 = ...1012 ÷ 2 = ...506 ÷ 2 = ...253 ÷ 2 =
...126÷2 = ...63÷2 = ...31÷2 = ...15÷2 = ...7÷2 =
...3÷ 2 = ...1÷ 2 = ...
So writing... 11111101000.
So 2024 = 1024 + 512 + 256 + 128 + 64 + 32 + 8.
Wait, let’s check:
1024+512 = ...1536+256 = ...1792+128 = ...1920+
64 = ...1984 + 32 = ...2016 + 8 = 2024.
Yes, correct.
So 2024 = 210 + 29 + 28 + 27 + 26 + 25 + 23.
But in our problem... So each term... Therefore, the expo-
nents... Thus, a-1 = ... Therefore, a = ...
So the set A is 4,6,7,8,9,10,11.
Therefore, the sum... Compute this:
4+6 = ...10+7 = ...17+8 = ...25+9 = ...34+10 =
...44 + 11 = 55.
So the sum is 55.
The answer is 55

730

This case study provides concrete evidence of731

how Few-shot CoT prompting effectively regulates732

reasoning behavior in RLLMs by reducing exces-733

sive reflections while maintaining or improving so-734

lution accuracy. The higher information density in735

the Few-shot example demonstrates that while the736

raw number of reasoning steps is only slightly re-737

duced, the efficiency of those steps is substantially738

improved through the elimination of redundant re-739

flections. This supports our broader finding that740

appropriate prompting strategies can mitigate the741

reflection overfitting observed in RLLMs, leading742

to more streamlined reasoning without sacrificing743

performance.744

D Additional Results745

In addition to the MATH dataset analyzed in the746

main text, we further examined the distribution of747

thinking tokens on the relatively simpler ASDIV748

and GSM8K datasets. Figures 6 and 7 present749

the corresponding histograms of the number of750

thinking tokens under the three prompting methods:751

Direct, Zero-shot CoT, and Few-shot CoT.752

Overall, we observe trends that are consistent753

with those identified on the more complex MATH754

dataset. First, Few-shot CoT generally yields a755

more concentrated distribution of thinking tokens, 756

mirroring the effect of example-based guidance 757

seen in more challenging tasks. Meanwhile, Direct 758

prompting tends to produce outputs that vary more 759

widely in the number of thinking tokens, with a 760

notable fraction of responses exhibiting very short 761

or very long thinking parts. Interestingly, Zero-shot 762

CoT prompts again lie between these two extremes, 763

indicating that a brief, generic instruction to reason 764

step by step partially constrains the model’s think- 765

ing process but does not standardize it as strongly 766

as providing explicit exemplars. 767

Nevertheless, compared to MATH, the distri- 768

butions on both ASDIV and GSM8K show that 769

the majority of questions require fewer thinking 770

tokens overall. This result aligns with the fact 771

that these two datasets are simpler than MATH, 772

which naturally leads to shorter solution paths and 773

fewer opportunities for extensive reflections or self- 774

corrections. We also note that, for larger-capacity 775

models, the differences in thinking token distri- 776

butions among correct and incorrect solutions are 777

somewhat less pronounced than those observed 778

in the MATH experiments, suggesting that com- 779

plex tasks accentuate the benefits and nuances of 780

prompting more sharply. 781

Despite these dataset-specific distinctions, the 782

overarching pattern remains consistent: CoT 783

prompting not only enhances the accuracy of rea- 784

soning LLMs but also regulates their reasoning 785

length. In particular, the inclusion of even a short 786

chain-of-thought instruction reduces the propensity 787

for excessive self-reflection and focuses the models 788

on more concise, goal-oriented reasoning steps. 789

E Deadlock Reflection Pattern 790

We observe a severe failure mode in smaller 791

RLLMs where the model enters a deadlock reflec- 792

tion pattern—repeatedly generating identical self- 793

correction phrases without making progress. This 794

pattern is particularly prevalent in R1-1.5B on com- 795

plex AIME24 problems. 796

Quantitative Analysis On AIME24 with Direct 797

prompting, R1-1.5B exhibits extreme reflection be- 798

havior: the average reflection count per instance is 799

838.2, with a maximum of 1,215 and minimum of 800

461 (std. dev. 125.7). A single problem can trigger 801

over 800 occurrences of “wait” plus 200+ other 802

reflective keywords. 803
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Example The following excerpt shows R1-1.5B804

trapped in a deadlock pattern when solving an805

AIME24 geometry problem. The model repeatedly806

outputs identical statements without advancing its807

reasoning:808

Deadlock Pattern in R1-1.5B (Partial Output)
Wait, no, that’s not correct.
Wait, actually, it’s: g =

[
− 17

(e−d)
− e− d

]
/2

Wait, no, that’s not correct.
Wait, actually, it’s: g =

[
− 17

(e−d)
− e− d

]
/2

Wait, no, that’s not correct.
[... pattern repeats 800+ times ...]

809

This deadlock behavior explains the extremely810

high reflection counts in Table 2 and demonstrates811

how smaller RLLMs can become trapped in unpro-812

ductive self-correction loops when facing problems813

beyond their capacity. CoT prompting effectively814

prevents this pattern by providing structured guid-815

ance that anchors the reasoning process.816

F Large Language Model Usage817

We employed Claude Sonnet 4 as a grammar ex-818

pert to assist with proofreading this manuscript.819

Specifically, Claude Sonnet 4 was used solely to820

identify and correct linguistic issues including verb821

tense inconsistencies, grammatical errors, punctu-822

ation mistakes, and subordinate clause structures.823

The LLM’s role was strictly limited to language824

polishing without any contribution to the research825

content, methodology, or scientific conclusions.826
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(m) R1-32B, Direct
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(n) R1-32B, Few-shot CoT
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Figure 6: Distributions of thinking tokens across various RLLMs under three prompting methods evaluated on the
GSM8K benchmark. The horizontal axis indicates the number of thinking tokens in the thinking parts (#Token),
and the vertical axis represents the corresponding ratio. Histograms labeled “Correct” and “Incorrect” depict
the distribution of token counts for correctly and incorrectly solved problems, respectively, while the trend lines
(“Correct Trend” and “Incorrect Trend”) represent smoothed regression fits of these distributions.
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(c) R1-1.5B, Zero-shot CoT
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(k) R1-14B, Few-shot CoT
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(l) R1-14B, Zero-shot CoT
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(m) R1-32B, Direct
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(n) R1-32B, Few-shot CoT
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Figure 7: Distributions of thinking tokens across various RLLMs under three prompting methods evaluated on the
ASDIV benchmark. The horizontal axis indicates the number of thinking tokens in the thinking parts (#Token),
and the vertical axis represents the corresponding ratio. Histograms labeled “Correct” and “Incorrect” depict
the distribution of token counts for correctly and incorrectly solved problems, respectively, while the trend lines
(“Correct Trend” and “Incorrect Trend”) represent smoothed regression fits of these distributions.
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