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Abstract001

Recent Large Reasoning Models (LRMs) have002
achieved remarkable progress, yet their evalu-003
ation still relies on a narrow paradigm: eval-004
uating one question at a time. This single-005
question setup suffers from two major limi-006
tations: (1) vulnerability to data contamina-007
tion and less challenging (e.g., DeepSeek-R1008
achieves 97.0% on MATH500), forcing costly009
and perpetual creation of new questions with010
large human efforts, (2) failure to evaluate mod-011
els under multi-context pressure, a key require-012
ment for real-world deployment. To bridge this013
gap, we present REST (Reasoning Evaluation014
through Simultaneous Testing), a stress-testing015
framework that exposes LRMs to multiple prob-016
lems simultaneously. Beyond basic reasoning,017
REST evaluates several under-tested capabil-018
ities: contextual priority allocation and con-019
textual interference. Our evaluation of more020
than 30 advanced reasoning models on 9 rea-021
soning benchmarks reveals several striking find-022
ings: Even state-of-the-art (SOTA) models such023
as DeepSeek-R1 exhibit substantial perfor-024
mance degradation under stress testing, chal-025
lenging the prevailing assumption that “LLMs026
are multi-problem solvers”. Crucially, REST027
demonstrates stronger discriminative power028
than existing benchmarks, revealing clear per-029
formance gaps among models that exhibit simi-030
lar, near-ceiling performance under traditional031
evaluation. Some key insights emerge from032
our analysis: (1) the “overthinking trap” is033
a critical factor contributing to the perfor-034
mance degradation; (2) the models trained with035

“Long2Short” technique preserve more of their036
single-problem accuracy under REST, out-037
performing their standard-trained counterparts.038
These results establish REST as a cost-efficient,039
future-proof evaluation paradigm that better re-040
flects real-world reasoning demands while re-041
ducing reliance on continuous human annota-042
tion. Code is available at https://anonymous.043
4open.science/r/REST_ARR-9EB0.044

1 Introduction 045

Recent years have witnessed remarkable progress 046

in LRMs (Yang et al., 2024b; Guo et al., 2025; 047

OpenAI, 2025b; Pei et al., 2025), which exhibit 048

strong performance across numerous reasoning 049

tasks. Many benchmarks (Cobbe et al., 2021a; 050

Hendrycks et al., 2021a; Rein et al., 2024; Li et al., 051

2025) have been introduced to assess LRMs. How- 052

ever, in most existing benchmarks, questions are 053

presented to LRMs one at a time, requiring the 054

model to answer each independently. While this 055

approach is effective for early model development, 056

it now faces two fundamental challenges: 057

First, some widely used benchmarks, 058

such as GSM8K (Cobbe et al., 2021a) and 059

MATH (Hendrycks et al., 2021a), are rapidly 060

losing their discriminative power, as many LRMs 061

achieve near-saturated accuracy (e.g., DeepSeek-R1 062

achieves 97.0% accuracy on MATH500). As 063

a result, the community is forced into a costly 064

cycle of benchmark obsolescence—continuously 065

developing new, more difficult datasets (e.g., 066

AIME25 (Ye et al., 2025)) while discarding 067

still valuable ones. This raises our first key 068

question: Can we extend the utility of existing 069

benchmarks by increasing their difficulty, rather 070

than constantly building new ones? 071

Second, single-question evaluation fails to cap- 072

ture how models operate in real-world, multi- 073

context scenarios requiring reasoning across mul- 074

tiple queries. For instance, in some conversation 075

systems, large language models (LLMs) need to 076

address multiple questions within a single run to re- 077

duce computational cost (Lin et al., 2024; Zhu et al., 078

2025). Also, in software development, LLMs must 079

identify and fix multiple subtle bugs in a code snip- 080

pet within a single structured output (Yang et al., 081

2025b). Although a few prior studies (Cheng et al., 082

2023; Lin et al., 2024; Wang et al., 2025c; Son et al., 083

2024) have investigated multi-question prompting, 084
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Figure 1: Illustration of REST evaluation. REST concatenates multiple questions into a single prompt, stress testing
LRMs’ ability in handling increasing reasoning loads within a single reasoning process.

they only focus on simple tasks such as text clas-085

sification (Semwal et al., 2018) or commonsense086

QA (Talmor et al., 2019), which are insufficient087

to assess the capability of current LRMs. This088

leads to our second question: How well can cur-089

rent LRMs handle multiple reasoning-intensive090

questions simultaneously, and what factors affect091

their performance in such settings?092

To answer the aforementioned research ques-093

tions, we propose REST (Reasoning Evaluation094

through Simultaneous Testing), a simple yet pow-095

erful method that repurposes existing benchmarks096

into more challenging variants. Specifically, we097

transform 9 representative reasoning benchmarks098

(e.g., MATH500, AIME24 and GPQA) using099

REST, concatenating multiple questions into a sin-100

gle instruction to evaluate these questions at once101

(see Fig. 1 for illustration). Through a comprehen-102

sive evaluation of more than 30 LRMs, we have103

obtained some valuable findings:104

• Even SOTA LRMs like DeepSeek-R1 (Guo105

et al., 2025) exhibit significant performance106

degradation under REST (e.g., 29.1% accu-107

racy drop on AIME24), revealing a critical lim-108

itation in their reasoning robustness and chal-109

lenging the common assumption that “LLMs110

are multi-problem solvers” (Cheng et al., 2023;111

Wang et al., 2025c; Son et al., 2024).112

• REST offers greater discriminative power:113

models with near-identical accuracy on single-114

question evaluation settings diverge sharply115

when evaluated under REST.116

• By question concatenation, REST effectively117

revitalizes existing benchmarks, making118

them challenging again for top-tier models.119

Through further error analysis, we find that the 120

“overthinking phenomenon” (Sui et al., 2025; Chen 121

et al., 2025; Wang et al., 2025b)—where LRMs 122

produce unnecessarily long and redundant reason- 123

ing—is a primary cause of performance degrada- 124

tion under REST. Moreover, LRMs trained with 125

“Long2Short” training (Sui et al., 2025; Aggar- 126

wal and Welleck, 2025; Arora and Zanette, 2025), 127

which encourages concise reasoning, perform bet- 128

ter than their standard-trained counterparts under 129

REST. These findings establish REST as a cost- 130

effective and scalable alternative to constant bench- 131

mark replacement, while providing insights for 132

building more robust reasoning systems capable 133

of handling real-world, multi-query scenarios. 134

2 REST: Reasoning Evaluation through 135

Simultaneous Testing 136

REST aims to enhance the utility of existing bench- 137

marks by making them more challenging. In REST, 138

we introduce a simple yet effective evaluation pro- 139

tocol that concatenates multiple questions into a 140

single prompt to increase the reasoning load of 141

LRMs. The simplicity of this evaluation protocol 142

is intentional: by concatenating original questions 143

rather than modifying them, REST avoids (1) the 144

potential errors introduced by altering question con- 145

tent and (2) the costly, expert-intensive process of 146

creating new problems from scratch. The details of 147

benchmark reconstruction and evaluation of REST 148

are presented in Sec. 2.1 and Sec. 2.2, respectively. 149

2.1 REST Benchmark Reconstruction 150

Let the original benchmark be denoted as Q = 151

{q1, q2, . . . qN}, where qi represents an individual 152

question and N is the total number of questions. 153

REST transforms the benchmark into a new prompt 154

set Ps by concatenating s consecutive questions 155
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into each prompt. We refer to the parameter s ∈156

Z+ as the stress level, since a larger s imposes a157

greater reasoning burden on the model. Formally,158

for each i ∈ {1, 2, . . . , N}, we define the stress-159

level-s prompt psi as:160

psi = Compose(qi, qi+1, . . . , q[(i+s−1) mod N ]),

i ∈ {1, 2, . . . , N}.161

The function Compose() formats multiple ques-162

tions into a single prompt:163

Compose(q1, . . . , qs) = “Q1 : {q1}, . . . , Qs : {qs}.164

Moreover, the subscript q[(i+s−1) mod N ] indicates165

cyclic indexing, which allows wrapping around166

when reaching the last question. By concatenating167

consecutive questions with cyclic indexing, each168

original question qi appears exactly s times across169

all the prompts, and exactly once in each of the s170

possible positions within the concatenated prompts.171

This construction guarantees fair question cover-172

age across different stress levels, ensuring that any173

observed performance degradation under REST174

arises from the increased reasoning load of han-175

dling multiple questions, rather than from artifacts176

of uneven question usage or positional bias.177

After the transformation, REST produces a178

new prompt set Ps = {ps1, ps2, ..., psN}, where179

each prompt contains s questions. Crucially,180

the transformed benchmark preserves the original181

size (|Ps| = N ) while replacing single-question182

prompts with multi-question ones.183

2.2 REST Evaluation184

Given an LRM model f , we evaluate it on each185

prompt psi to obtain an output response osi = f(psi ).186

From this response, we extract the individual pre-187

dicted answers {âsi , âsi+1, . . . , â
s
[(i+s−1) mod N ]}188

using a function Extract():189

{âsi , âsi+1, . . . , â
s
[(i+s−1) mod N ]} = Extract(osi ).190

To facilitate accurate extraction, we instruct191

LRMs to format their answers in task-specific ways.192

For Mathematical and GPQA problems, we instruct193

the model to put each answer within “\boxed{}”,194

while for code generation tasks, answers must be195

wrapped in Python code blocks “```python ```”.196

Notably, although a more structured format method197

like JSON output could offer convenience for out-198

put parsing, we deliberately avoid imposing such199

strict formatting constraints, as prior studies (Tam200

et al., 2024; Shorten et al., 2024) indicate that such 201

requirements will degrade performance. 202

We employ both rule-based and LLM-based ex- 203

traction methods: (a) The rule-based method uses 204

regular expressions to extract answers from prede- 205

fined markers (e.g., “\boxed{}”); (b) The LLM- 206

based method prompts a model to retrieve the pre- 207

dicted answer from the response for each question. 208

Further implementation details can be found in Ap- 209

pendix I. Finally, we define the model’s accuracy 210

at stress level s by comparing the predicted answer 211

â and the ground truth answer a: 212

Acc(Ps) =
1

N

N∑
i=1

Acc(psi ) =
1

N

N∑
i=1

1

s

s∑
j=1

δ(âs[(i+j−1) mod N ], a
s
[(i+j−1) mod N ]),

213

where δ is the Kronecker delta function such that 214

δ(i, j) = 1 if and only if i = j and 0 otherwise. 215

3 Experiment 216

3.1 Evaluation Setup 217

We evaluate over 30 LRMs, spanning a parameter 218

size range from 1.5B to 671B. The temperature and 219

top-p parameters are configured according to the 220

corresponding official guidelines for each model. 221

We set a maximum output token length of 32K for 222

reasoning models and 8K for non-reasoning mod- 223

els. In addition, we conduct experiments with an 224

extended 128K token limit, but observe negligible 225

performance differences, as shown in Tab. 13 of 226

Appendix O. Our evaluation is based on OpenCom- 227

pass* toolkit. To ensure consistency, we adopt the 228

official prompt for each task, with a minor format 229

requirement for multi-question responses: “Answer 230

the above questions one by one. Remember to put 231

each answer within \boxed{} (or ```python ``` 232

for code generation).” We further validate our find- 233

ings with alternative prompt designs and different 234

sampling parameters (Appendix E and F), confirm- 235

ing that results are robust and not artifacts. 236

We select 9 representative benchmarks for eval- 237

uation, and in REST, we set different stress 238

levels s for each benchmark. Specifically, 239

for relatively simple benchmarks like GSM8K, 240

ARC-C and BBH, the stress levels are s ∈ 241

{1, 3, 6, 9, 12}; for medium-difficulty benchmarks, 242

including MATH500 and AMC23, they are set 243

*https://github.com/open-compass/opencompass
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Table 1: Evaluation results on various math benchmarks. The “Stress” column reports the average performance
across four stress levels, as described in Sec. 3.1. Models that perform best under “Stress” are highlighted in gray.
Results on non-math tasks are in Tab. 2 and Tab. 10 (Appendix); additional models are in Tab. 12 (Appendix).

Model
Bench GSM8K MATH500 AMC23 AIME24 AIME25 AVG.

Single Stress Single Stress Single Stress Single Stress Single Stress Single Stress

1.5B LRMs

DeepSeek-R1-Distill-Qwen-1.5B (Guo et al., 2025) 84.62 70.21 83.40 42.47 62.50 13.98 29.17 4.97 25.00 5.91 56.94 27.51
DeepScaleR-1.5B (Luo et al., 2025) 84.84 66.58 87.60 59.77 76.25 32.05 38.75 12.82 31.25 14.23 63.74 37.09

L1-Qwen-1.5B-Max (Aggarwal and Welleck, 2025) 84.17 78.29 83.40 73.23 77.50 48.37 20.00 15.13 22.92 14.95 57.60 45.99
Qwen2.5-Math-1.5B-Inst (Yang et al., 2024c) 85.37 67.49 73.00 53.94 57.50 22.22 10.83 6.17 10.83 2.83 47.51 30.53

7 ∼ 8B LRMs

DeepSeek-R1-Distill-Qwen-7B (Guo et al., 2025) 89.49 89.06 93.00 66.75 87.50 36.06 54.17 16.53 35.42 11.37 71.92 43.95
Efficient-R1-7B (α = 0.2) (Arora and Zanette, 2025) 87.95 80.38 88.20 76.41 85.00 48.05 50.42 22.12 33.75 17.25 69.06 48.84

Nemotron-Nano-8B (Bercovich et al., 2025) 91.36 70.52 94.40 86.04 90.00 76.24 63.33 43.55 50.00 32.28 77.82 61.71
AReaL-boba-RL-7B (Mei et al., 2025) 91.66 77.80 95.00 60.77 91.25 32.94 61.25 21.43 45.83 12.33 77.00 41.05

Light-R1-7B-DS (Wen et al., 2025) 88.05 82.69 93.20 61.73 90.00 34.91 55.83 16.63 45.83 12.96 74.58 41.78
OpenR1-Qwen-7B (Face, 2025) 95.60 90.22 92.20 81.64 83.75 54.11 47.50 26.77 32.92 21.19 70.39 54.79

OpenThinker2-7B (Team, 2025a) 94.39 91.99 93.80 83.30 85.00 63.23 54.58 34.50 41.67 23.66 73.89 59.33
Qwen2.5-Math-7B-Inst (Yang et al., 2024b) 95.53 78.53 83.60 56.59 60.00 28.46 14.17 6.40 11.67 5.33 52.99 35.06

Qwen2.5-7B-Inst (Yang et al., 2024a) 92.27 85.12 77.60 65.78 42.50 34.46 10.00 7.02 3.75 3.32 45.22 39.14
Qwen3-8B (Yang et al., 2025a) 95.30 93.90 95.40 80.28 92.50 53.59 74.58 44.28 63.33 32.06 84.22 60.82

32B LRMs

DeepSeek-R1-Distill-Qwen-32B (Guo et al., 2025) 95.54 95.50 94.60 88.97 94.75 86.24 72.92 52.51 51.67 33.83 81.90 71.41
Qwen-QwQ-32B (Team, 2025b) 95.83 95.78 96.20 92.49 95.00 82.89 78.75 54.79 69.58 41.53 87.07 73.49

AReaL-boba-SFT-32B (Mei et al., 2025) 95.01 94.75 95.00 88.92 97.50 78.96 77.50 45.79 60.00 33.55 85.00 68.39
Light-R1-32B-DS (Wen et al., 2025) 95.83 94.79 95.60 83.66 96.25 68.80 77.50 41.26 60.00 33.80 85.04 64.46

Qwen2.5-32B-Inst (Yang et al., 2024a) 95.53 93.77 82.20 73.39 60.00 49.72 20.00 9.61 16.67 6.73 54.88 46.64
Qwen3-32B (Yang et al., 2025a) 95.91 93.81 96.60 83.64 93.75 80.62 85.00 56.67 71.67 44.53 88.59 71.85

MoE LRMs

GPT-OSS-20B (OpenAI, 2025a) 88.02 49.31 88.40 46.96 97.50 56.56 66.25 36.20 63.33 29.87 80.70 43.78
GPT-OSS-120B (OpenAI, 2025a) 84.91 47.65 89.60 60.06 93.75 71.93 67.08 60.28 68.33 52.39 80.73 58.46

Qwen3-30B-A3B (Yang et al., 2025a) 96.13 94.91 96.40 80.36 98.75 72.34 79.58 48.38 68.75 28.67 87.92 64.93
DeepSeek-R1 (Guo et al., 2025) 96.20 96.16 97.00 92.09 93.75 81.80 81.66 52.49 68.75 37.17 87.47 71.94

Proprietary LRMs

O3-mini (OpenAI, 2025b) 95.83 93.85 95.00 86.62 90.00 59.17 79.16 34.07 71.66 20.63 86.25 55.51
O4-mini (OpenAI, 2025b) 93.71 93.07 90.00 82.40 96.25 82.79 73.33 49.69 80.00 41.42 86.66 69.87

Gemini-2.5-Flash-Thinking (Team et al., 2023) 89.23 91.28 97.20 69.92 97.50 47.63 76.67 26.60 71.67 16.54 86.45 50.39

as s ∈ {1, 3, 5, 7, 9}; and for more challenging244

benchmarks, such as AIME24, AIME25, GPQA-245

Diamond, and LiveCodeBench (v5), the stress lev-246

els are s ∈ {1, 2, 3, 4, 5}. To ensure clarity and con-247

sistency in evaluation, we report the performance of248

REST as the average accuracy across stress levels249

greater than 1. Detailed accuracy statistics for each250

stress level are provided in Appendix N. For rela-251

tively small benchmarks like AIME24, AIME25,252

and AMC23, we conduct 8 random runs and report253

the average to reduce variance. Results on ARC-C254

and BBH are included in Tab. 10 (Appendix).255

3.2 Evaluation Result256

Tab. 1, Tab. 2 and Tab. 10 (Appendix) present the257

performance of various LRMs on the original rea-258

soning benchmarks (Single) and their transformed259

counterparts by REST (Stress). Our key findings260

can be summarized as follows:261

LRMs can handle multiple simple questions 262

at once, but struggle with challenging ones. 263

LRMs can address several relatively simple prob- 264

lems within a single run. As shown in Tab. 1, 265

on GSM8K, the accuracy drops under REST for 266

DeepSeek-R1-Distill-Qwen-7B (R1-7B) is just 267

0.43%. However, this robustness diminishes 268

rapidly on more challenging problems. As shown 269

in Tab. 1, even DeepSeek-R1 suffers substantial 270

performance degradation (e.g., 31.58% accuracy 271

drop on AIME25) when asked to solve multiple 272

Olympiad-level problems within a single reasoning 273

process. This performance gap is even more pro- 274

nounced for smaller models, such as R1-7B, whose 275

accuracy on AIME24 drops sharply from 54.17% 276

to 16.53% under REST. This contrast—–strong 277

multi-question performance on simple tasks but 278

sharp degradation on hard ones–—indicates that 279

the performance drop under REST stems not from 280

format artifacts, but from inherent limitations in the 281

LRMs’ reasoning capacity. To further investigate 282
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Figure 2: Performance comparison of LRMs of different sizes under various stress levels. REST reveals significant
performance disparities among models of different sizes, although they demonstrate comparable, near-ceiling
performance in traditional single-question evaluations.

the underlying drivers, we provide quantitative and283

qualitative analysis in Sec. C and D in Appendix.284

REST enhances the discriminative power of ex-285

isting benchmarks. By concatenating multiple286

problems into a single prompt, REST amplifies per-287

formance gaps among models that exhibit compa-288

rable, near-ceiling accuracy in traditional single-289

question evaluations. For example, on MATH500,290

DeepSeek-R1-Distill-Qwen-7B and DeepSeek-R1-291

Distill-Qwen-32B achieve single-question accura-292

cies of 93.0% and 94.6%, respectively, with R1-7B293

trailing by just 1.6%. However, the accuracy of294

R1-7B plummets to 66.75% under REST, while295

R1-32B maintains a higher 88.97%, revealing a296

pronounced 22.22% performance gap. This con-297

trast is similarly evident among models of the same298

size (e.g., AReaL-boba-RL-7B and OpenThinker2-299

7B). Similar trends are also observed on AMC23,300

validating that REST can significantly enhance the301

discriminative power of existing medium-difficulty302

benchmarks through problem concatenation.303

Limitations of downstream post training. The304

success of DeepSeek-R1 (Guo et al., 2025) has305

inspired numerous follow-up studies (Luo et al.,306

2025; Mei et al., 2025; Wen et al., 2025), which307

fine-tune DeepSeek distilled models on down-308

stream tasks (e.g., math and code). Although such309

downstream post training yields improved single-310

question accuracy, our findings suggest that they311

can not maintain their performance advantage on312

multi-question scenarios as in REST. For instance,313

models like AReaL-boba-RL-7B and Light-R1-314

7B-DS, both post trained on DeepSeek-R1-Distill-315

Qwen-7B, achieve single-question accuracies of316

95.00% and 93.20% on MATH500, slightly higher317

than the 93.00% accuracy of R1-7B. However, un-318

der REST, their accuracies drop significantly to319

60.77% and 61.73%, respectively, both falling be-320

Table 2: Evaluation results on GPQA-Diamond and
LiveCodeBench (v5). The “Stress” column reports the
average performance across four distinct stress levels,
as described in Sec. 3.1. Models perform best under
“Stress” are highlighted in gray. Results on additional
models are reported in Tab. 11 (Appendix).

Model
Bench GQPA-Diamond LiveCodeBench (v5)

Single Stress Single Stress

1.5B LRMs

DeepSeek-R1-Distill-Qwen-1.5B 37.37 22.11 15.05 0.48
DeepScaleR-1.5B 31.82 27.90 21.15 1.83

L1-Qwen-1.5B-Max 36.87 32.03 19.35 2.45
Qwen2.5-1.5B-Inst 26.26 21.52 1.79 0.37

7 ∼ 8B LRMs

DeepSeek-R1-Distill-Qwen-7B 51.01 31.67 37.63 2.89
Efficient-R1-7B (α = 0.2) 47.97 34.37 38.71 2.50

Nemotron-Nano-8B 51.01 34.06 50.90 8.56
AReaL-boba-RL-7B 48.98 29.13 37.99 4.73

Light-R1-7B-DS 41.91 30.32 39.07 2.85
OpenR1-Qwen-7B 38.38 36.04 4.66 1.27
OpenThinker2-7B 49.49 40.60 39.43 14.51
Qwen2.5-7B-Inst 35.86 35.15 13.98 10.19

Qwen3-8B 61.11 58.60 56.99 31.13
32B LRMs

DeepSeek-R1-Distill-Qwen-32B 60.10 53.73 55.56 26.71
Qwen-QwQ-32B 63.64 60.03 62.37 32.16

AReaL-boba-SFT-32B 63.13 50.59 60.93 31.74
Light-R1-32B-DS 65.66 50.11 60.93 28.22
Qwen2.5-32B-Inst 42.93 40.04 26.88 24.00

Qwen3-32B 63.33 48.13 62.72 30.98

MoE LRMs

GPT-OSS-20B 53.54 59.52 43.37 29.83
GPT-OSS-120B 60.10 65.93 63.08 49.16

Qwen3-30B-A3B 64.65 50.74 61.65 38.48
DeepSeek-R1 70.20 64.63 63.44 40.83

Proprietary LRMs

O3-mini 71.21 67.39 60.21 48.36
O4-mini 76.26 73.11 70.61 63.07

Gemini-2.5-Flash-Thinking 78.79 68.00 61.65 48.34

hind the 66.75% achieved by R1-7B. This discrep- 321

ancy becomes even more pronounced at higher 322

stress levels (e.g., stress level s = 9), as detailed in 323

Fig. 3b. The performance degradation also extends 324

to larger models, such as Light-R1-32B-DS and 325

R1-32B, and is consistently observed across other 326

benchmarks like AMC23, as shown in Tab. 1. 327
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Figure 3: Limitation of downstream post training. Downstream post training exacerbates performance degradation
under higher stress levels compared to the original DeepSeek distilled models.
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Figure 4: The effect of Long2Short training on REST. Long2Short training mitigates the performance degradation
under higher stress levels.

Potential of “Long2Short” Training. Despite328

their impressive performance, LRMs often produce329

unnecessarily lengthy reasoning traces (Sui et al.,330

2025; Chen et al., 2025). To mitigate this issue,331

recent studies (Aggarwal and Welleck, 2025; Arora332

and Zanette, 2025; Team et al., 2025b) propose the333

“Long2Short” technique, which introduces a length334

reward in the training objective to promote more335

concise and efficient reasoning. Our experiments336

reveal that “Long2Short” training also enhances337

reasoning robustness under REST. As illustrated338

in Fig. 4, models trained with “Long2Short”, such339

as L1-Qwen-1.5B-Max (Aggarwal and Welleck,340

2025), exhibit notable performance advantages341

at high stress levels. For instance, as shown in342

Tab. 18 (Appendix), L1-Qwen-1.5B-Max surpasses343

R1-1.5B by a substantial 44.71% accuracy margin344

at stress level s = 9 on MATH500. A similar trend345

is also observed among 7B models (e.g., Efficient-346

R1-7B (α = 0.2) v.s., R1-7B). Further error analy-347

sis (Sec. S in Appendix) confirms that “Long2Short”348

mitigates not only length-related failures but also349

reasoning degradation patterns, enhancing LRM’s350

resilience in multi-question settings.351

4 Further Analysis352

Performance drops are NOT primarily due to353

output length limits. To uncover the underlying354

reasons for LRMs’ failures in REST, we analyze355

the primary factors contributing to performance356

degradation under multi-question stress. A natural357

hypothesis is that models fail because they exceed 358

the maximum output length when solving multi- 359

ple problems. However, our error analysis reveals 360

that this is not the primary cause—models often 361

fail even when their responses remain within the 362

maximum output token limit. 363

To investigate the cause of errors, we categorize 364

model failures into six types (Tab. 3) and manu- 365

ally analyze the error types across four representa- 366

tive LRMs on AIME24 (Fig. 5). Additional error 367

analysis on more models and benchmarks are in 368

Tab. 15 (Appendix). For DeepSeek-R1 (Fig. 5d), 369

Question Omission (QO) and Reasoning Error (RE) 370

dominate, together accounting for 42.00% of fail- 371

ures. The high frequency of Question Omission 372

(QO) suggests that DeepSeek-R1 suffers from a 373

pronounced question position bias, focusing more 374

on the first question in multi-problem prompts, de- 375

spite explicit instructions to address each question 376

sequentially. In contrast, error causes like Sum- 377

mary Error (SE), Output Truncation (OT), and End- 378

less Repetition (ER) are rare in such large models. 379

However, for smaller models like Light-R1-7B 380

(in Fig. 5b), the error profile shifts significantly, 381

with Endless Repetition (ER) and Output Trunca- 382

tion (OT) becoming more prominent, collectively 383

accounting for 48.90%. This shift underscores 384

smaller models’ unique challenges, whose lim- 385

ited capacity significantly exacerbates performance 386

degradation under the stress imposed by REST. 387

Finally, it is important to note that no Format Vio- 388

lation (FV) errors are found for any of the four 389
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Table 3: Six common cause of the performance degradation in REST.

Error Cause Definition

Output Truncation (OT) The output is trucated due to reaching the maximum output length (32K tokens for LRMs).
Endless Repetition (ER) The model repeatedly generates the same phrase or sentence in its output.
Format Violation (FV) The model fails to comply with the required output format (e.g., not putting the answer whtin “\boxed{}”).
Question Omission (QO) The model fails to respond to all the given questions in the thinking process. (e.g., only answers the first question)
Summary Error (SE) The model fails to summarize all the answers generated in the thinking process.
Reasoning Error (RE) Error occurs in the reasoning process, such as calculation mistakes or concept misunderstandings.

Question
Omission

Endless
Repetition

Summary
Error

Reasoning
Error

Correct
Answer

Output
Truncation

(a) R1-7B
(Guo et al., 2025)

Question
Omission

Endless
Repetition

Summary
Error

Reasoning
Error

Correct
Answer

Output
Truncation

(b) Light-R1-7B
(Wen et al., 2025)

Question
Omission Endless

Repetition

Summary
Error

Reasoning
Error

Correct
Answer

Output
Truncation

(c) Nemotron-7B
(Bercovich et al., 2025)

Question
Omission

Endless
Repetition

Summary
Error

Reasoning
Error

Correct
Answer

Output
Truncation

(d) DeepSeek-R1
(Guo et al., 2025)

Figure 5: The error type distribution for various LRMs on AIME24 under REST.

models, which is why they are not included in390

Fig. 5. This observation supports the robustness391

of our prompt design and answer extraction strat-392

egy, confirming that the observed performance393

degradation arises primarily from the intrinsic394

limitations of the LRMs themselves, rather than395

artifacts introduced by the evaluation process.396

LRMs that perform better on REST exhibit397

concise reasoning for earlier questions. In this398

paragraph, we investigate why certain models ex-399

hibit substantial performance differences under400

REST, despite achieving similar results on tradi-401

tional single-question benchmarks. To this end, we402

analyze responses on AIME24 by manually seg-403

menting each model’s output into question-aligned404

chunks and measuring the number of reasoning405

tokens allocated to each. As shown in Fig. 6,406

high-performing models under REST, such as407

GPT-OSS-120B (60.28% AIME24 accuracy under408

REST), allocate tokens more evenly across posi-409

tions and use fewer reasoning tokens per question410

on average, indicating concise and balanced rea-411

soning. In contrast, lower-performing models like412

R1-7B (16.53% AIME24 accuracy under REST)413

concentrate the majority of their token budget on414

the first question, leaving insufficient capacity for415

subsequent ones. This pattern suggests that strong416

REST performance correlates with the ability to417

adaptively allocate reasoning effort—–employing418

more concise reasoning on early questions under419

pressure, preserving resources for later ones. We420

term this capability as “adaptive reasoning effort 421

allocation”, which we believe is a critical factor to 422

achieve high performance under REST. 423

Question position affects performance under 424

stress test. Recent studies (Yu et al., 2024; Liu 425

et al., 2024) have identified positional biases 426

of LLMs over long inputs. In this paragraph, 427

we investigate whether the position of questions 428

within the input can influence accuracy. Fig. 7 429

presents a heatmap illustrating the accuracy for 430

questions placed at different positions, indicat- 431

ing that questions appearing earlier consistently 432

achieve higher accuracy, even under the highest 433

stress levels. While the accuracy for later questions 434

tends to decline as the stress level increases. We at- 435

tribute this position-dependent performance degra- 436

dation to three primary factors. First, as revealed 437

by our error analysis, Question Omission (QO) is 438

a prevalent failure mode, even for strong LRMs 439

like DeepSeek-R1, leading models to frequently 440

overlook later questions in a prompt. Second, the 441

reasoning trace for earlier questions may act as 442

noise, potentially disrupting the reasoning process 443

of subsequent ones. Finally, as shown in Fig. 6, an- 444

swering the first questions consume a considerable 445

portion of the output tokens, limiting the model’s 446

available reasoning tokens for later questions. 447

5 Related Work 448

Compositional Instruction Evaluation Many 449

real-world applications require LLMs to address 450
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Figure 6: The reasoning token count for questions at different positions on AIME24. The number in parentheses is
the accuracy on AIME24 under REST. Results on additional models are reported in Fig. 10 (Appendix).
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Figure 7: The effect of question position under stress tests. The performance at each position is calculated by
averaging the accuracy of questions appearing at the same position across the full benchmark. LRMs generally
achieve higher accuracy for earlier questions, while their performance declines for subsequent ones.

multiple queries within a single inference pass. For451

instance, in some conversation systems, models452

must respond to multiple queries simultaneously to453

minimize computational overhead (Lin et al., 2024;454

Zhu et al., 2025). Similarly, in software develop-455

ment, LLMs are often expected to detect and cor-456

rect multiple subtle bugs in a code snippet through457

a single output (Yang et al., 2025b). Several bench-458

marks have been proposed to evaluate LLMs’ abil-459

ity to follow compositional instructions. Batch460

prompting (Cheng et al., 2023; Lin et al., 2024),461

multi-problem prompting (Wang et al., 2025c), and462

multi-task inference benchmark (Son et al., 2024)463

concatenates multiple instructions into a prompt,464

primarily for improving inference efficiency on465

simple tasks. Benchmark self-evolving (Wang466

et al., 2025a) complicates the original question by467

multi-agent evolving. However, these methods do468

not involve complex reasoning tasks—–a key fron-469

tier in contemporary LLM research.470

Benchmarks for LRMs The rigorous assess-471

ment of the reasoning ability of LLMs relies heav-472

ily on specialized benchmarks. In mathemati-473

cal reasoning, GSM8K (Cobbe et al., 2021b) and474

MATH (Hendrycks et al., 2021b) are most com-475

monly used. As model capabilities surge, harder476

benchmarks like AIME (AI-MO, 2024; Lin, 2025)477

and Omni-Math (Gao et al., 2024) have emerged,478

further pushing the boundaries of mathematical479

evaluation. Beyond mathematics, reasoning in 480

other domains like code generation (Jain et al., 481

2024; Quan et al., 2025; Jimenez et al., 2024), cryp- 482

tographic decryption (Li et al., 2025), and scientific 483

problem-solving (Rein et al., 2024), is also critical. 484

Despite the increasing difficulty of these bench- 485

marks, the rapid improvement of models means 486

that their differentiating power can diminish when 487

evaluated solely through standard single-problem 488

manner. Our REST, however, can systematically 489

increasing the difficulty of existing benchmarks by 490

controlling stress level. 491

6 Conclusion 492

In conclusion, we present REST, a stress test- 493

ing framework to evaluate LRMs in simultaneous 494

multi-problem solving scenarios. REST substan- 495

tially sharpens the discriminative power of existing 496

benchmarks, exposing pronounced performance 497

gaps among models that appear comparable in tra- 498

ditional single-question evaluations. Futhermore, 499

REST uncovers a few reasoning misbehaviors, such 500

as question omission and summary error, which re- 501

main obscure in single-question assessments. Criti- 502

cal findings, such as the identification of question 503

position bias and the demonstrated effectiveness of 504

“Long2Short” training, offer valuable insights for 505

the future development of more robust LRMs. 506
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Limitations507

While REST provides a powerful and discrimina-508

tive evaluation framework, several limitations re-509

main. First, it slightly increases evaluation costs,510

as multi-problem prompts generally require longer511

reasoning sequences, leading to slightly increased512

computational overhead. However, our analysis513

in Sec. P in appendix shows that the increase in514

latency is not significant and is acceptable. Ad-515

ditionally, given the rapid pace of advancement516

in reasoning models, there is always a risk that517

our experiments may not capture the latest SOTA518

LRMs released after our initial experiments. To ad-519

dress this, we plan to continuously monitor newly520

released models and maintain an up-to-date leader-521

board to reflect the latest progress in the field.522
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A Further Explanation of the Motivation842

Behind REST843

REST evaluates models by concatenating multiple844

independent reasoning problems. This design is845

motivated by the need to simulate the contextual846

interference that arises in real deployments: real-847

world user requests and professional workflows848

rarely interact with models through atomic prompts,849

but instead demand that multiple distinct require-850

ments be tracked and satisfied within a single turn.851

First, empirical analyses of large-scale user in-852

teraction logs demonstrate that human intent is853

rarely atomic. Studies such as WildIfEval (Lior854

et al., 2025) and LMSYS-Chat (Zheng et al., 2024)855

reveal that real-world users frequently formulate856

"compound instructions" that impose multiple dis-857

tinct constraints or sub-goals within a single turn.858

Several works (Lin et al., 2024; Hou et al., 2024;859

Di Maio and Gozzi, 2025) explicitly construct860

compound/batched prompts to mimic this real-861

world regime. To successfully follow such instruc-862

tions, the model must maintain attention across863

disjoint task requirements (e.g., formatting con-864

straints, style guidelines, and content exclusions)865

simultaneously. REST simulates this cognitive bur-866

den by concatenating problems, forcing the model867

to solve multiple questions within its working mem-868

ory without succumbing to attention dilution.869

Second, this capability is a prerequisite for high-870

stakes professional domains, particularly in Soft-871

ware Engineering and Legal Compliance. In auto-872

mated programming, agents are expected to iden-873

tify multiple distinct errors—ranging from syntax874

bugs to logic flaws—within a single code review875

pass, rather than initiating a separate inference cy-876

cle for every potential issue (Yang et al., 2025b).877

Similarly, legal and compliance workflows rely on878

"checklist reasoning," where models must audit879

documents against dozens of independent criteria880

(e.g., liability caps, termination clauses, jurisdic-881

tion rules) simultaneously (Trautmann et al., 2022;882

Eulerich and Wood, 2023). REST abstracts these883

domain-specific challenges into a standardized for- 884

mat, serving as a proxy for the model’s ability to 885

resist context interference in high-load professional 886

tasks. 887

Finally, concatenating multiple questions into a 888

single prompt is adopted by some industrial pio- 889

neers. For instance, Zhu et al. (2025) study multi- 890

question answering for conversational transcript 891

analysis to increase throughput. Jaroslawicz et al. 892

(2025) likewise highlight that production systems 893

often require models to remain reliable when re- 894

sponding to tens or even hundreds of instructions 895

in one context. Their findings suggest that current 896

LLMs still struggle with multi-instruction follow- 897

ing. By adopting the same concatenation paradigm, 898

REST aligns evaluation with practical efficiency 899

constraints in real-world deployment. 900

Consequently, REST is well motivated and can 901

be regarded as a proxy for real-world scenarios. 902

Concatenating reasoning problems simulates the 903

contextual interference, and the resulting perfor- 904

mance measures how reliably a model can sustain 905

robustness under multiple concurrent objectives in 906

a single context. 907

B Differences from Prior Work 908

Concatenating multiple instructions or problems 909

within a single prompt has been explored in prior 910

work (Cheng et al., 2023; Wang et al., 2025c), of- 911

ten motivated by inference efficiency and evaluated 912

only on relatively simple tasks with short, clean out- 913

puts (e.g., text classification (Semwal et al., 2018) 914

or commonsense QA (Talmor et al., 2019)). REST 915

adopts the same surface operation (question con- 916

catenation) but targets a different goal: mitigating 917

benchmark saturation by systematically increasing 918

reasoning load so that near-ceiling single-question 919

benchmarks become discriminative again. 920

In complex reasoning tasks, lengthy Chain-of- 921

Thought can inject substantial contextual interfer- 922

ence. REST imposes a much higher difficulty level 923

by focusing on such tasks, testing the model’s rea- 924

soning consistency and robustness in more realistic 925

scenarios. Consequently, our findings challenge 926

the prevalent assumption that “LLMs are multi- 927

problem solvers” (Cheng et al., 2023; Wang et al., 928

2025c), demonstrating that even SOTA LRMs 929

exhibit significant degradation under this high- 930

interference setting. 931

REST also serves as a diagnostic probe be- 932

yond prior works, uncovering unique failure modes 933
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and training effects. It reveals failure modes that934

are hidden in single-question evaluation, such as935

“Question Omission” and “Endless Repetition,” and936

exposes training-dependent robustness effects—for937

example, “Long2Short” training can improve multi-938

problem robustness, whereas standard RL post-939

training may degrade it.940

C Quantitative Evidence of Contextual941

Interference942

To better understand why some post-trained mod-943

els achieve strong single-question performance but944

degrade sharply under REST, we analyze atten-945

tion allocation when generating the answer for the946

last question QN in a multi-question prompt. Intu-947

itively, the excessively long reasoning traces pro-948

duced by model itself may act as a distractor and949

disperse attention away from the current question.950

Let AN = (t1, . . . , tM ) be the generated answer951

for QN . We compute the average attention mass as-952

signed by tokens in AN to three context segments:953

(1) relevant content QN ∪ AN,<t, (2) distractor954

questions Q<N , and (3) distractor reasoning traces955

A<N . Formally, for a model with L layers and H956

heads, we define:957

Attn(S) =
1

LHM

L∑
l=1

H∑
h=1

M∑
i=1

∑
k∈indices(S)

α
(l,h)
i,k ,

(1)958

where α
(l,h)
i,k is the attention weight from the i-th959

token in AN to the k-th token in the context at layer960

l and head h. As shown in Tab. 4, AReaL-boba-961

RL-7B exhibits severe attention drift to its previous962

reasoning (high Attn(A<N )), which reduces focus963

on the relevant segment, leading to severe perfor-964

mance degradation (35.95% average accuracy drop965

in math tasks). In contrast, Qwen2.5-7B-Inst as-966

signs substantially less attention to prior reasoning967

and maintains higher attention on the current con-968

tent, consistent with its stronger robustness (6.08%969

average accuracy drop in math tasks) under multi-970

question stress.971

D Qualitative Evidence of Contextual972

Interference973

Beyond attention drift, we also observe a quali-974

tative failure mode where the reasoning logic of975

preceding questions leaks into subsequent ones.976

Concretely, models may fail to reset their work-977

ing context and incorrectly introduce constraints or978

concepts that are only relevant to earlier questions,979

Table 4: Attention allocation when answering the last
question QN under multi-question prompts. We re-
port the average attention mass from tokens in the fi-
nal answer to three context segments: relevant content
(QN ∪AN,<t), distractor questions (Q<N ), and distrac-
tor reasoning (A<N ).

Model Rel. (QN ∪AN,<t) Dist. Q<N Dist. A<N

AReaL-boba-RL-7B 0.522 0.205 0.272
DS-R1-Distill-Qwen-7B 0.512 0.232 0.254
OpenR1-Qwen-7B 0.539 0.190 0.270
Qwen3-8B 0.632 0.310 0.021
Qwen2.5-7B-Inst 0.701 0.253 0.045

which can lead to hallucinated dependencies and 980

incorrect solutions. Fig. 8 provides an illustrative 981

example: after solving Q3 with a modular arith- 982

metic argument (modulo 5), the model incorrectly 983

carries over the “modulo 5” notion when answer- 984

ing Q4, despite Q4 being a conditional probability 985

problem without any modular structure. 986

E Impact of Prompt Template 987

In this section, we investigate whether improved 988

prompt design can mitigate performance degra- 989

dation in multi-question evaluation. Inspired by 990

in-context learning, we enhance the instruction 991

prompt with a few-shot example of the target for- 992

mat: we randomly sample three problems from the 993

MATH training set, generate answers (including 994

reasoning content) using DeepSeek-R1, and con- 995

catenate them into a single demonstration of the 996

form “Q1 Q2 Q3 A1 A2 A3”. 997

As shown in Tab. 17, this few-shot strategy 998

yields modest gains on medium-difficulty bench- 999

marks (i.e., MATH500 and AMC23), but a sub- 1000

stantial performance gap relative to the single- 1001

question setting persists. This result strongly sug- 1002

gests that the degradation under REST is not pri- 1003

marily due to instruction following or prompt sen- 1004

sitivity, but rather reflects an intrinsic limitation in 1005

the model’s reasoning capacity under heightened 1006

cognitive load. 1007

F Impact of Temperature and Top-p 1008

We further examine whether stress sensitivity is an 1009

artifact of sampling parameters. On MATH500, we 1010

vary temperature T and top-p under three config- 1011

urations (T=0.1, p=0.5; T=0.6, p=0.9; T=1.0, 1012

p=1.0). As shown in Tab. 5, while absolute accu- 1013

racies vary across settings, the degradation magni- 1014

tude (Decrease) remains of similar scale across con- 1015

figurations (e.g., DS-R1-Distill-Qwen-7B drops by 1016

26.25–31.07 points). Together with the prompt tem- 1017
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Example D.1: Example of Reasoning Interference (Logic Leakage)

Input (excerpt):
Q3: Alice and Bob play the following game. A stack of n tokens lies before them. The players take turns with Alice going
first. On each turn, the player removes 1 token or 4 tokens from the stack. The player who removes the last token wins. Find
the number of positive integers n ≤ 2024 such that there is a strategy that guarantees that Bob wins, regardless of Alice’s
moves.
Q4: Jen enters a lottery by picking 4 distinct numbers from S = {1, 2, 3, · · · , 10}. 4 numbers are randomly chosen from S.
She wins a prize if at least two of her numbers were 2 of the randomly chosen numbers, and wins the grand prize if all four of
her numbers were the randomly chosen numbers. The probability of her winning the grand prize given that she won a prize is
m
n

where m and n are relatively prime positive integers. Find m+ n.
Answer the above questions one by one. Remember to put your final answer within \boxed{}.

Output (excerpt):
. . . (Reasoning for previous questions) . . .
. . . (Reasoning for Q3) . . . Thus, for n from 1 to 2024, the number of losing positions is the number of n ≡ 0 or 2 (mod 5).
. . . (Reasoning for Q4) . . . Now, we need to determine the number of outcomes where she “wins a prize.” However, as we
analyzed in the previous problem (Q3), determining a “winning” state requires checking the properties modulo 5.
. . . (Reasoning for Q4) . . .

Figure 8: A qualitative case of reasoning interference using DS-R1-Distill-Qwen-7B: the modular arithmetic logic
used for Q3 incorrectly leaks into the reasoning for Q4, introducing an irrelevant “modulo 5” dependency.

plate analysis (Tab. 17), this suggests that REST1018

sensitivity is not primarily driven by prompt or1019

sampling choices but a limitation in the model’s1020

intrinsic ability.1021

G Impact of Question Topic Grouping1022

We further test whether semantic relatedness be-1023

tween concatenated questions can mitigate stress1024

degradation. On MATH500, we compare our de-1025

fault random concatenation with a topic-grouped1026

concatenation setting, where all questions within a1027

prompt are sampled from the same subject category1028

(e.g., Algebra, Number Theory, etc.). As shown1029

in Tab. 6, the performance differences between the1030

two settings are negligible (all < 0.6 points), sug-1031

gesting that semantic relatedness alone does not1032

substantially reduce contextual interference under1033

REST.1034

H Question Position Bias beyond AIME1035

We further examine whether the question position1036

bias in Fig. 7 also generalizes beyond AIME. We1037

extend the analysis to MATH500 and observe a1038

consistent accuracy decline for later questions un-1039

der REST. For example, DS-R1-Distill-Qwen-7B1040

drops from 56.2% to 39.2%. Fig. 9 visualizes this1041

phenomenon for representative 7B and 32B models.1042
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Figure 9: Question position bias on MATH500, accu-
racy tends to be higher for earlier questions and declines
for later ones under multi-question stress.

I Comparison between Rule-based and 1044

LLM-based Answer Extraction 1045

In this section, we compare the performance of sev- 1046

eral representative LRMs under REST when using 1047

rule-based versus LLM-based answer extraction. 1048

For rule-based extraction, we search for specific tar- 1049

get pattern sequentially using code modified from 1050

Qwen-Math evaluation tool †. For the LLM-based 1051

approach, we employ gemma-3-27b-it (Team et al., 1052

2025a) with the prompt shown in Figure 14. The 1053

results in Table 7 indicate that LLM-based answer 1054

extraction can lead to a modest performance im- 1055

provement. However, the LLM-based approach 1056

significantly increases evaluation costs and may 1057

introduce additional instability, making it less prac- 1058

tical for large-scale assessments. To further assess 1059

the reliability of rule-based extraction, we mea- 1060

†https://github.com/QwenLM/Qwen2.5-Math
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Table 5: Impact of sampling parameters on MATH500. We vary temperature T and top-p under three configurations,
and report single-question accuracy, multi-question accuracy (Stress), and their difference (Decrease).

Single Stress Decrease

Model T=0.1, p=0.5 T=0.6, p=0.9 T=1.0, p=1.0 T=0.1, p=0.5 T=0.6, p=0.9 T=1.0, p=1.0 T=0.1, p=0.5 T=0.6, p=0.9 T=1.0, p=1.0

DS-R1-Distill-Qwen-7B 88.80 93.00 90.20 60.14 66.75 59.13 28.66 26.25 31.07
Light-R1-Qwen-7B-DS 92.60 93.20 91.20 62.99 61.73 60.16 29.61 31.47 31.05
OpenR1-Qwen-7B 89.20 92.20 92.00 74.04 81.64 73.74 15.17 10.56 18.26

Table 6: Comparison between random concatenation
and topic-grouped concatenation on MATH500. Topic-
grouped concatenation samples all questions in a prompt
from the same subject category.

Model Random Concat. Topic-grouped Concat.

Qwen3-8B 80.28 80.19
DS-R1-Distill-Qwen-7B 66.75 67.26
OpenR1-Qwen-7B 81.64 81.07
Qwen2.5-Math-7B-Inst 56.59 56.57

Table 7: Comparison of rule-based answer extraction
and LLM-based answer extraction.

Extraction Method GSM8K MATH500 AMC23 AIME24 AIME25

DS-R1-Distill-Qwen-7B
Rule-Based 89.06 66.75 36.06 16.53 11.37
LLM-Based 90.00 70.59 41.05 18.32 14.16

DS-R1-Distill-Qwen-32B
Rule-Based 95.50 88.97 86.24 52.51 33.83
LLM-Based 95.83 92.18 87.48 53.63 34.39

sure the consistency between the two extraction1061

methods. As shown in Tab. 8, the agreement rates1062

are consistently high (> 0.90) and Cohen’s Kappa1063

scores are strong across benchmarks, indicating1064

that the efficient rule-based method serves as a re-1065

liable proxy and does not materially change the1066

stress-level conclusions. Therefore, we adopt rule-1067

based answer extraction as the default approach in1068

our experiments.

Table 8: Agreement between rule-based and LLM-based
answer extraction of under REST. We report exact-
match agreement rate and Cohen’s Kappa.

GSM8K MATH500 AMC23 AIME24 AIME25

Agreement 0.945 0.918 0.900 0.916 0.912
Cohen’s Kappa 0.708 0.809 0.789 0.711 0.606

1069

J Outcome Efficiency Analysis on1070

Overthinking1071

To quantitatively substantiate the “overthinking”1072

hypothesis, we adopt the outcome efficiency metric1073

ξO (Chen et al., 2025), which measures the fraction1074

of tokens needed to reach the first correct answer1075

relative to the total generated tokens. For a dataset1076

of N instances:1077

ξO =
1

N

N∑
i=1

σi
T̂i

Ti
, (2)1078

Table 9: Efficiency analysis on AIME24 at stress level
S=5. “Token Count” reports the median number of gen-
erated tokens allocated to the first question Q1 within
a multi-question prompt. “Outcome Efficiency” is the
outcome efficiency metric ξO (Chen et al., 2025).

DS-R1-Distill-Qwen-7B Qwen3-30B-A3B GPT-OSS-120B

AIME24 Acc. 16.53% 48.38% 60.28%
Token Count (Median, Q1) 9987 6818 2108
Outcome Efficiency (ξO) 14.16% 28.37% 63.22%

where Ti is the total number of generated tokens 1079

for instance i, T̂i is the number of tokens consumed 1080

up to the first correct answer, and σi ∈ {0, 1} 1081

indicates whether the final prediction is correct. 1082

Lower ξO implies more redundant reasoning that 1083

does not contribute to correctness. We analyze 1084

AIME24 under REST at stress level S=5, and 1085

additionally track the median number of tokens 1086

allocated to the first question Q1 within the con- 1087

catenated prompt. As shown in Tab. 9, models 1088

with lower accuracy under REST (DS-R1-Distill- 1089

Qwen-7B) exhibit substantially lower outcome ef- 1090

ficiency (14.16%) along with excessive token us- 1091

age (9987 tokens) on early questions, while mod- 1092

els with higher accuracy (Qwen3-30B-A3B and 1093

GPT-OSS-120B) exhibit more efficient reasoning 1094

(28.37% and 63.22%). This result is consistent 1095

with the “overthinking trap” hypothesis. 1096

K Evaluation Result on Other Tasks 1097

To further demonstrate broader applicability, we 1098

conduct additional experiments on (1) AI2 Rea- 1099

soning Challenge – Challenge (ARC-C) (Clark 1100

et al., 2018), including questions that require rea- 1101

soning and commonsense knowledge to answer. 1102

(2) Big Bench Hard (BBH) (Suzgun et al., 2023), 1103

which evaluates logical reasoning. Due to the com- 1104

putation resource constraints, we select the “log- 1105

ical_deduction_five_objects” subset to represent 1106

BBH, as it specifically focuses on logical reason- 1107

ing. The results, presented in Tab. 10, strongly 1108

corroborate our findings in the main text: 1109

(1) Substantial performance degradation: All 1110

models exhibit performance degradation under the 1111

multi-problem stress of REST. While some top- 1112

tier models like DeepSeek-R1 largely retain their 1113

single-question accuracy, smaller models such as 1114
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Table 10: Evaluation results on ARC-C and BBH. The
“Stress” column reports the average performance across
four distinct stress levels, as described in Sec. 3.1. Mod-
els perform best under “Stress” are highlighted in gray.

Model
Bench ARC-C BBH

Single Stress Single Stress

1.5B LRMs

DeepSeek-R1-Distill-Qwen-1.5B 62.37 50.70 59.60 18.58
DeepScaleR-1.5B 66.44 48.39 74.80 26.94

L1-Qwen-1.5B-Max 63.39 53.59 73.60 40.75
Qwen2.5-1.5B-Inst 78.64 68.64 32.80 3.74

Qwen3-1.7B 87.46 79.20 86.00 62.64
7 ∼ 8B LRMs

DeepSeek-R1-Distill-Qwen-7B 83.73 77.83 88.40 57.40
DeepSeek-R1-Distill-LLaMA-8B 86.78 75.04 94.40 60.32

Efficient-R1-7B (α = 0.2) 83.39 77.24 89.20 57.24
Nemotron-Nano-8B 78.64 55.79 50.80 43.85
AReaL-boba-RL-7B 88.14 72.57 92.40 49.49

Light-R1-7B-DS 81.69 76.34 81.60 51.07
OpenR1-Qwen-7B 79.66 69.90 85.60 54.25
OpenThinker2-7B 91.53 87.85 95.20 82.55
Qwen2.5-7B-Inst 91.19 88.93 60.40 45.65

Qwen3-8B 94.58 91.25 98.00 89.41
32B LRMs

DeepSeek-R1-Distill-Qwen-32B 94.58 94.66 97.20 96.11
Qwen-QwQ-32B 94.92 93.50 96.80 96.99

Qwen2.5-32B-Inst 94.58 94.92 74.80 65.66
Qwen3-32B 94.58 94.13 99.20 88.34

Proprietary LRMs

DeepSeek-R1 97.29 94.79 99.60 97.36
O3-mini 95.93 95.14 95.20 89.59
O4-mini 95.93 94.53 97.20 94.11

Gemini-2.5-Flash-Thinking 96.27 94.44 97.60 86.72

DS-R1-Distill-Qwen-7B suffer severe performance1115

drops, especially on BBH, where its accuracy de-1116

clines from 88.40% to 57.40%.1117

(2) Enhanced discriminative power: REST1118

significantly amplifies performance differences be-1119

tween models, thereby enhancing the discrimina-1120

tive power of existing benchmarks. For exam-1121

ple, on BBH, the accuracy of AReal-boba-RL-1122

7B plummets from 92.40% to just 49.49% under1123

REST, a decline of 42.91%. In contrast, the larger1124

model DS-R1-Distill-Qwen-32B retains more of its1125

single-question performance, with its accuracy un-1126

der REST only dropping from 97.20% to 96.11%,1127

a reduction of merely 1.09%1128

(3) The benefit of “Long2Short” training:1129

Models trained with the “Long2Short” technique1130

consistently demonstrate more robust performance1131

under stress compared to their standard-trained1132

counterparts, confirming our initial findings. For1133

instance, the accuracy of L1-Qwen-1.5B-Max on1134

BBH is 40.75% under REST, which is much higher1135

than the 18.58% and 26.94% achieved by R1-1.5B1136

and DeepScaleR-1.5B, respectively.1137

Table 11: Evaluation results on GPQA-Diamond and
LiveCodeBench (v5) for additional models. The “Stress”
column reports the average performance across four
distinct stress levels, as described in Sec. 3.1. Models
perform best under “Stress” are highlighted in gray.

Model
Bench GQPA-Diamond LiveCodeBench (v5)

Single Stress Single Stress

1.5B LRMs

DeepSeek-R1-Distill-Qwen-1.5B 37.37 22.11 15.05 0.48
DeepScaleR-1.5B 31.82 27.90 21.15 1.83

L1-Qwen-1.5B-Exact 33.84 31.01 18.28 2.70
L1-Qwen-1.5B-Max 36.87 32.03 19.35 2.45
Qwen2.5-1.5B-Inst 26.26 21.52 1.79 0.37

Qwen3-1.7B 37.37 32.21 30.82 6.65
7 ∼ 8B LRMs

DeepSeek-R1-Distill-Qwen-7B 51.01 31.67 37.63 2.89
DeepSeek-R1-Distill-LLaMA-8B 50.00 33.99 39.43 11.25

Efficient-R1-7B (α = 0.2) 47.97 34.37 38.71 2.50
Nemotron-Nano-8B 51.01 34.06 50.90 8.56
AReaL-boba-RL-7B 48.98 29.13 37.99 4.73

Light-R1-7B-DS 41.91 30.32 39.07 2.85
OpenR1-Qwen-7B 38.38 36.04 4.66 1.27
OpenThinker2-7B 49.49 40.60 39.43 14.51

SimpleRL-Zoo-Qwen-7B 33.84 35.49 5.73 0.16
Open-Reasoner-Zero-7B 37.37 34.25 16.13 0.64

Marco-O1-7B 30.81 28.32 9.32 7.24
Qwen2.5-7B-Inst 35.86 35.15 13.98 10.19

Qwen3-8B 61.11 58.60 56.99 31.13
32B LRMs

DeepSeek-R1-Distill-Qwen-32B 60.10 53.73 55.56 26.71
Qwen-QwQ-32B 63.64 60.03 62.37 32.16

AReaL-boba-SFT-32B 63.13 50.59 60.93 31.74
Light-R1-32B-DS 65.66 50.11 60.93 28.22

S1.1-32B 61.62 54.54 25.45 24.46
OpenThinker2-32B 62.12 57.79 56.27 37.53

SimpleRL-Zoo-Qwen-32B 46.46 46.21 26.52 23.95
Open-Reasoner-Zero-32B 60.10 49.57 35.13 13.01

OpenThinker2-32B 62.12 57.79 56.27 37.53
Qwen2.5-32B-Inst 42.93 40.04 26.88 24.00

Qwen3-32B 63.33 48.13 62.72 30.98

MoE LRMs

GPT-OSS-20B 53.54 59.52 43.37 29.83
GPT-OSS-120B 60.10 65.93 63.08 49.16

Qwen3-30B-A3B 64.65 50.74 61.65 38.48
DeepSeek-R1 70.20 64.63 63.44 40.83

Proprietary LRMs

O3-mini 71.21 67.39 60.21 48.36
O4-mini 76.26 73.11 70.61 63.07

Gemini-2.5-Flash-Thinking 78.79 68.00 61.65 48.34

L Evaluation Result on Additional 1138

Models 1139

Table 12 and Table 11 present the evaluation re- 1140

sults on additional models. These results again 1141

validate our core findings: REST induces signifi- 1142

cant performance degradation across diverse model 1143

sizes and architectures, and the performance gap 1144

between models is substantially amplified under 1145

multi-question stress, with smaller models exhibit- 1146

ing notably sharper declines. 1147
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Table 12: Evaluation results on various math benchmarks for additional models. The “Stress” column reports the
average performance across four stress levels, as described in Sec. 3.1. Models that perform best under “Stress” are
highlighted in gray.

Model
Bench GSM8K MATH500 AMC23 AIME24 AIME25 AVG.

Single Stress Single Stress Single Stress Single Stress Single Stress Single Stress

1.5B LRMs

DeepSeek-R1-Distill-Qwen-1.5B (Guo et al., 2025) 84.62 70.21 83.40 42.47 62.50 13.98 29.17 4.97 25.00 5.91 56.94 27.51
DeepScaleR-1.5B (Luo et al., 2025) 84.84 66.58 87.60 59.77 76.25 32.05 38.75 12.82 31.25 14.23 63.74 37.09

L1-Qwen-1.5B-Exact (Aggarwal and Welleck, 2025) 84.87 79.01 84.00 72.07 71.25 47.37 21.25 12.62 18.33 12.96 55.94 44.81
L1-Qwen-1.5B-Max (Aggarwal and Welleck, 2025) 84.17 78.29 83.40 73.23 77.50 48.37 20.00 15.13 22.92 14.95 57.60 45.99

Qwen2.5-Math-1.5B-Inst (Yang et al., 2024c) 85.37 67.49 73.00 53.94 57.50 22.22 10.83 6.17 10.83 2.83 47.51 30.53
Qwen3-1.7B (Yang et al., 2025a) 90.22 85.26 90.20 62.13 85.00 40.43 46.67 23.61 35.83 17.13 69.58 45.71

7 ∼ 8B LRMs

DeepSeek-R1-Distill-Qwen-7B (Guo et al., 2025) 89.49 89.06 93.00 66.75 87.50 36.06 54.17 16.53 35.42 11.37 71.92 43.95
DeepSeek-R1-Distill-LLaMA-8B (Guo et al., 2025) 90.45 85.18 89.80 81.34 87.50 70.75 50.42 31.23 28.33 22.66 69.30 58.23
Efficient-R1-7B (α = 0.1) (Arora and Zanette, 2025) 88.63 84.76 90.00 74.99 87.50 44.25 54.58 21.45 35.42 15.75 71.23 48.24
Efficient-R1-7B (α = 0.2) (Arora and Zanette, 2025) 87.95 80.38 88.20 76.41 85.00 48.05 50.42 22.12 33.75 17.25 69.06 48.84

Nemotron-Nano-8B (Bercovich et al., 2025) 91.36 70.52 94.40 86.04 90.00 76.24 63.33 43.55 50.00 32.28 77.82 61.71
AReaL-boba-RL-7B (Mei et al., 2025) 91.66 77.80 95.00 60.77 91.25 32.94 61.25 21.43 45.83 12.33 77.00 41.05

Light-R1-7B-DS (Wen et al., 2025) 88.05 82.69 93.20 61.73 90.00 34.91 55.83 16.63 45.83 12.96 74.58 41.78
OpenR1-Qwen-7B (Face, 2025) 95.60 90.22 92.20 81.64 83.75 54.11 47.50 26.77 32.92 21.19 70.39 54.79

OpenThinker2-7B (Team, 2025a) 94.39 91.99 93.80 83.30 85.00 63.23 54.58 34.50 41.67 23.66 73.89 59.33
SimpleRL-Zoo-Qwen-7B (Zeng et al., 2025) 90.52 84.01 77.80 62.41 68.50 16.16 26.67 7.55 10.00 6.47 54.70 35.32

Open-Reasoner-Zero-7B (Hu et al., 2025) 92.87 65.14 83.00 32.51 60.00 31.23 17.92 6.13 16.25 3.89 54.01 27.78
Marco-O1-7B (Zhao et al., 2024) 89.08 79.56 72.40 48.19 47.50 17.23 10.00 4.35 10.83 3.64 45.96 30.59

MathFusion-Qwen-7B (Pei et al., 2025) 89.46 83.78 74.00 68.15 52.50 36.24 9.58 7.89 5.83 2.35 46.27 39.68
Eurus-2-7B-PRIME (Cui et al., 2025) 92.72 88.01 81.40 64.69 62.50 38.58 20.83 10.84 14.58 4.49 54.41 41.32

Qwen2.5-Math-7B-Inst (Yang et al., 2024b) 95.53 78.53 83.60 56.59 60.00 28.46 14.17 6.40 11.67 5.33 52.99 35.06
Qwen2.5-7B-Inst (Yang et al., 2024a) 92.27 85.12 77.60 65.78 42.50 34.46 10.00 7.02 3.75 3.32 45.22 39.14

Qwen3-8B (Yang et al., 2025a) 95.30 93.90 95.40 80.28 92.50 53.59 74.58 44.28 63.33 32.06 84.22 60.82

32B LRMs

DeepSeek-R1-Distill-Qwen-32B (Guo et al., 2025) 95.54 95.50 94.60 88.97 94.75 86.24 72.92 52.51 51.67 33.83 81.90 71.41
Qwen-QwQ-32B (Team, 2025b) 95.83 95.78 96.20 92.49 95.00 82.89 78.75 54.79 69.58 41.53 87.07 73.49

AReaL-boba-SFT-32B (Mei et al., 2025) 95.01 94.75 95.00 88.92 97.50 78.96 77.50 45.79 60.00 33.55 85.00 68.39
Light-R1-32B-DS (Wen et al., 2025) 95.83 94.79 95.60 83.66 96.25 68.80 77.50 41.26 60.00 33.80 85.04 64.46
S1.1-32B (Muennighoff et al., 2025) 89.84 61.10 90.40 53.85 90.00 32.26 55.83 24.42 45.42 19.13 74.30 38.15
OpenThinker2-32B (Team, 2025a) 96.44 95.17 96.20 90.10 95.00 81.00 68.33 53.01 52.50 38.20 81.69 71.49

SimpleRL-Zoo-Qwen-32B (Zeng et al., 2025) 96.06 93.49 83.20 78.90 67.50 57.02 27.20 16.80 16.67 8.87 58.13 51.01
Open-Reasoner-Zero-32B (Hu et al., 2025) 95.83 91.80 92.00 82.90 83.75 70.04 46.67 31.65 36.67 23.63 70.98 60.00

Qwen2.5-32B-Inst (Yang et al., 2024a) 95.53 93.77 82.20 73.39 60.00 49.72 20.00 9.61 16.67 6.73 54.88 46.64
Qwen3-32B (Yang et al., 2025a) 95.91 93.81 96.60 83.64 93.75 80.62 85.00 56.67 71.67 44.53 88.59 71.85

MoE LRMs

GPT-OSS-20B (OpenAI, 2025a) 88.02 49.31 88.40 46.96 97.50 56.56 66.25 36.20 63.33 29.87 80.70 43.78
GPT-OSS-120B (OpenAI, 2025a) 84.91 47.65 89.60 60.06 93.75 71.93 67.08 60.28 68.33 52.39 80.73 58.46

Qwen3-30B-A3B (Yang et al., 2025a) 96.13 94.91 96.40 80.36 98.75 72.34 79.58 48.38 68.75 28.67 87.92 64.93
DeepSeek-R1 (Guo et al., 2025) 96.20 96.16 97.00 92.09 93.75 81.80 81.66 52.49 68.75 37.17 87.47 71.94

Proprietary LRMs

O3-mini (OpenAI, 2025b) 95.83 93.85 95.00 86.62 90.00 59.17 79.16 34.07 71.66 20.63 86.25 55.51
O4-mini (OpenAI, 2025b) 93.71 93.07 90.00 82.40 96.25 82.79 73.33 49.69 80.00 41.42 86.66 69.87

Gemini-2.5-Flash-Thinking (Team et al., 2023) 89.23 91.28 97.20 69.92 97.50 47.63 76.67 26.60 71.67 16.54 86.45 50.39

M Additional Analysis on Per Question1148

Token Allocation1149

We analyze how models distribute reasoning to-1150

kens across question positions under multi-question1151

stress. As shown in Fig. 10, strong models under1152

REST, such as DeepSeek-R1, tend to use fewer1153

reasoning tokens on the first question when the1154

stress level exceeds 1. In contrast, models with1155

lower REST performance, such as Light-R1-7B-1156

DS, often overthink the first question, consuming1157

a substantial portion of their reasoning tokens and 1158

leaving insufficient space for subsequent questions. 1159

These findings on additional models again reinforce 1160

our conclusion in the main context: “adaptive 1161

reasoning effort allocation”—the ability to dy- 1162

namically distribute reasoning resources across 1163

questions—is critical for building strong, multi- 1164

question capable LRMs. 1165
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(a) Light-R1-7B-DS (16.63% Acc.)
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(b) Nemotron-nano-7B (43.55% Acc.)
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(c) DeepSeek-R1 (52.49% Acc.)

Figure 10: The reasoning token count for questions at different positions on AIME24 for additional models. The
number in parentheses indicates the accuracy on AIME24 under REST.

N Detailed Evaluation Result1166

We present the detailed accuracy statistics for1167

each stress level of various LRMs in Table 18,1168

Table 19 and Table 20. The stress degree1169

{I, II, III, IV, V } corresponds to different stress1170

levels in each dataset. For GSM8K, ARC-C and1171

BBH: {1, 3, 6, 9, 12}; for MATH500 and AMC23:1172

{1, 3, 5, 7, 9}; for AIME24, AIME25, GPQA and1173

LiveCodeBench: {1, 2, 3, 4, 5}. We use the official1174

test splits for all benchmarks except ARC-C, for1175

which we follow OpenCompass’s standard practice1176

and use the development split (see opencompass‡).1177

O The Impact of the maximum output1178

length1179

Extending the maximum output length can not1180

provide substantial improvement. As our error1181

analysis identified output truncation as a significant1182

error type, it is questionable whether extending1183

the maximum output length could improve per-1184

formance under stress tests. To evaluate this, we1185

extended the maximum output length from 32K to1186

128K tokens for top-tier 7B∼32B reasoning mod-1187

els. As shown in Tab. 13, this extension has a1188

negligible impact on stress test accuracy.1189

Max Output Token GSM8K MATH500 AMC23 AIME24 AIME25

DS-R1-Distill-Qwen-7B
32K 89.06 66.75 36.06 16.53 11.37
128K 89.37 65.83 36.66 16.17 11.73

DS-R1-Distill-Qwen-32B
32K 95.50 88.97 86.24 52.51 33.83
128K 95.62 89.71 86.77 52.75 33.87

Table 13: The effect of extending the maximum output
length. Extending the maximum output length has al-
most negligible impact on both 7B and 32B models.

‡https://github.com/open-compass/opencompass

Table 14: Average inference latency (seconds) of DS-
R1-Distill-Qwen-7B on AIME24 under different stress
levels, profiled on a single NVIDIA H100 GPU.

Stress level 1 (Standard) 2 3 4 5

Latency (s) 694 818 1003 1091 1131

P Computation Overhead Analysis 1190

Our primary goal is to steer the development of 1191

more robust and reliable reasoning systems for 1192

complex, real-world multi-task scenarios, where 1193

models must prioritize and solve multiple requests 1194

under contextual pressure. At the same time, REST 1195

may introduce additional computational cost as 1196

LRMs need to generate more reasoning tokens 1197

for multiple questions. To quantify the overhead, 1198

we profile the average inference latency of DS- 1199

R1-Distill-Qwen-7B on AIME24 using a single 1200

NVIDIA H100 GPU. As shown in Tab. 14, latency 1201

increases with stress levels but remains moderate 1202

(stress level 5 is within 2× the latency of the stan- 1203

dard setup), suggesting a practical trade-off for 1204

improved evaluation robustness. 1205

Q Prompt 1206

We present the prompt for mathematical tasks, 1207

GPQA Diamond and LiveCodeBench in Figure 11, 1208

Figure 12 and Figure 13, respectively. 1209

Prompt 1: Prompt for Math Tasks
{Questions}. Answer the above questions one by one.

Remember to put your final answer within \boxed{}.

Figure 11: Evaluation prompt for math tasks.

R Extended Error Analysis on Other 1210

Models and Benchmarks 1211

To broaden the scope of our error analysis, we ex- 1212

tend our evaluation to: (1) Additional models: the 1213

18
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Prompt 2: Prompt for GQPA Diamond
{Questions}. Answer the above multiple-choice question

one by one. Remember to give each answer in the fol-

lowing format: ‘ANSWER: \boxed{LETTER}’ (without

quotes) where LETTER is one of ABCD.

Figure 12: Evaluation prompt for GPQA Diamond.

Prompt 3: Prompt for Code Generation
{Questions}. Answer the above questions one by one.

Enclose the code for each question within delimiters as

follows.

```python #YOUR CODE HERE ```.

### Answer: (use the provided format with backticks)

Figure 13: Evaluation prompt for code generation tasks.

smaller DeepSeek-R1-Distill-Qwen-1.5B and the1214

non-reasoning model Qwen2.5-7B-Instruct; and (2)1215

Simpler benchmarks: GSM8K and MATH500.1216

Given the substantial volume of data for error anal-1217

ysis, we employ Qwen3-32B for error cause anno-1218

tation. We randomly sample 10% of the annotated1219

data for manual human review, achieving 98.25%1220

agreement with human labels, which verifies the1221

reliability of this LLM-based error analysis.1222

As summarized in Tab. 15, this expansion reveals1223

notable shifts in error distributions. For instance,1224

Qwen2.5-7B-Instruct exhibits substantially fewer1225

length-related errors—such as Question Omission,1226

Output Truncation, and Endless Repetition—but1227

shows a marked increase in Reasoning Errors. We1228

attribute this to its non-reasoning nature: by using1229

shorter Chain-of-Thought (CoT), it avoids length-1230

related errors but often fails to perform sufficient1231

deliberation.1232

Furthermore, on simpler benchmarks like1233

GSM8K and MATH500, reasoning misbehaviors1234

such as Question Omission, Summary Error, and1235

Endless Repetition are significantly reduced. This1236

indicates that these degradation patterns are trig-1237

gered by the increased reasoning load of more1238

challenging questions (e.g., AIME24). Neverthe-1239

less, DeepSeek-distilled models still exhibit non-1240

negligible rates of such errors, and their prevalence1241

remains substantially higher than in Qwen2.5-7B-1242

Instruct. This contrast underscores a key trade-off:1243

while extended Chain-of-Thought (CoT) reasoning1244

enhances single problem solving capability, it si-1245

multaneously compromises robustness under multi- 1246

question stress. 1247

S Specific Error Type Reduction via 1248

“Long2Short” Training 1249

We conduct experiments to probe the specific 1250

failure types mitigated by “Long2Short” training. 1251

The results in Tab. 16 confirm that “Long2Short” 1252

training reduces actual reasoning failures, not 1253

just length-related artifacts. Specifically, we 1254

observe a notable decrease in “Question Omis- 1255

sion” (QO) and “Reasoning Error” (RE) for mod- 1256

els after “Long2Short” training. For example, 1257

on MATH500, the Long2Short-trained L1-Qwen- 1258

1.5B-Max shows a lower percentage of “Ques- 1259

tion Omission” and “Reasoning Error” (3.85% and 1260

20.60%, respectively) compared to DS-R1-Distill- 1261

Qwen-1.5B (15.10% and 33.85%). A similar pat- 1262

tern is also observed in the 7B models (Efficient- 1263

R1-7B (α = 0.2) vs. DS-R1-Distill-Qwen-7B). 1264

These observation indicate that “Long2Short” train- 1265

ing not only prevents output truncation by short- 1266

ening the thinking process but also effectively mit- 1267

igates degradation patterns in reasoning, thus im- 1268

proving model robustness under multi-question 1269

stress. 1270

T Error Type Illustrations 1271

In this section, we provide a detailed case study of 1272

each error type under stress tests in figs. 15 to 19. 1273

Our findings indicate that Output Truncation is not 1274

the only reason for the performance degradation 1275

under REST, revealing some unexpected misbehav- 1276

iors like Question Omission and Summary Error 1277

that remain hidden in standard evaluation settings. 1278

U Use of AI Assistance 1279

We used large language models to assist with lan- 1280

guage polishing and editing of the manuscript. All 1281

technical content, analysis, and conclusions were 1282

developed and verified by the authors. 1283
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Prompt 4: Answer Extraction Promopt
Extract the final answers from the given predictions. Here are some extraction criteria:

1. Don’t try to answer the original question. Your task is to extract the final answer from the prediction as it is, even if it is

incorrect.

2. Prediction sometimes involves lengthy thinking processes, you don’t need to consider these, just extract the final answer.

3. If there is question that has not been answered, don’t answer it yourself. You should set the final answer to None (e.g.,

\boxed{None}).

4. Ensure the number of final answers you extract is exactly the same as the number of the given questions.

5. Extract the final answer for each question one by one and enclose each final answer within an \boxed. For example, if there

are three questions, the output should be

Answer to Q1: \boxed{answer 1}

Answer to Q2: \boxed{answer 2}

Answer to Q3: \boxed{answer 3}.

Here is your task. Simply extract the final answers from the given predictions. Don’t apologize or correct yourself if there

was a mistake in the predictions; we are just trying to extract the final answer.

<Questions Begin>:

{question}

<Questions End>

<Predictions Begin>:

{prediction}

<Predictions End>

Extract the final answers from the given predictions.

Figure 14: Prompt for extracting answers from the response.

Model
Error Type

Question Omission Summary Error Endless Repetition Output Truncation Reasoning Error Format Violation Correct Answer

GSM8K
DS-R1-Distill-Qwen-1.5B 4.8 3.1 0.7 0.5 20.6 0.1 70.2
DS-R1-Distill-Qwen-7B 2.2 2.0 0.0 0.2 6.5 0.1 89.0

Qwen2.5-7B-Instruct 0.4 0.8 0.3 0.0 13.4 0.0 85.1
MATH500

DS-R1-Distill-Qwen-1.5B 15.1 5.6 1.3 1.4 33.9 0.2 42.5
DS-R1-Distill-Qwen-7B 10.4 4.7 0.3 0.7 17.0 0.1 66.8

Qwen2.5-7B-Instruct 4.5 0.6 2.7 1.0 25.2 0.2 65.8
AIME24

DS-R1-Distill-Qwen-1.5B 38.6 5.9 0.9 3.6 45.8 0.2 5.0
DS-R1-Distill-Qwen-7B 29.6 3.0 8.4 8.0 34.5 0.0 16.5

Qwen2.5-7B-Instruct 18.5 4.2 5.8 3.3 61.2 0.0 7.0

Table 15: Error analysis for other models on more benchmarks.

Model
Error Type

Question Omission Reasoning Error Summary Error Endless Repetition Format Violation Output Truncation Correct Answer

1.5B models on MATH500
DS-R1-Distill-Qwen-1.5B 15.10 33.85 5.65 1.35 0.20 1.38 42.47

L1-Qwen-1.5B-Max 3.85 20.60 2.17 0.05 0.10 0.00 73.23
7B models on MATH500

DS-R1-Distill-Qwen-7B 10.40 17.00 4.75 0.35 0.05 0.70 66.75
Efficient-R1-7B (α = 0.2) 5.40 14.20 3.35 0.14 0.10 0.40 76.41

7B models on AMC23
DS-R1-Distill-Qwen-7B 30.62 25.62 4.37 0.84 0.62 1.87 36.06

Efficient-R1-7B (α = 0.2) 21.87 24.00 2.81 0.77 1.25 1.25 48.05

Table 16: Error type distribution comparison between standard-trained and Long2Short-trained models.
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Table 17: Evaluation results with the few-shot prompt. The “Few-Shot” column reports the average performance
across four stress levels using the few-shot prompt described in Sec. E.

Model
Bench GSM8K MATH500 AMC23 AIME24 AIME25 AVG.

Zero-Shot Few-Shot Zero-Shot Few-Shot Zero-Shot Few-Shot Zero-Shot Few-Shot Zero-Shot Few-Shot Zero-Shot Few-Shot

7B LRMs

DS-R1-Distill-Qwen-7B 89.06 88.48 66.75 70.77 36.06 35.88 16.53 14.16 11.37 12.29 43.95 44.32
OpenThinker2-7B 91.99 91.79 83.30 85.72 63.23 71.32 34.50 33.36 23.66 21.81 59.34 60.80
OpenR1-Qwen-7B 90.22 90.03 81.64 81.80 54.11 64.56 26.77 24.13 21.19 19.67 54.79 56.04
Light-R1-7B-DS 82.69 80.60 61.73 66.29 34.91 35.53 16.63 14.97 12.96 11.60 41.78 41.80

Qwen2.5-Math-7B-Inst 78.53 82.65 56.59 61.46 28.46 28.51 6.40 6.19 5.33 4.72 35.06 36.71

Example U.1: Example of Output Truncation

Query:
Q1: Let O(0, 0), A( 1

2
, 0), and B(0,

√
3

2
) be points in the coordinate plane. Let F be the family of segments PQ of unit

length lying in the first quadrant with P on the x-axis and Q on the y-axis. There is a unique point C on AB, distinct from A
and B, that does not belong to any segment from F other than AB. Then OC2 = p

q
, where p and q are relatively prime

positive integers. Find p+ q.
Q2: Find the number of triples of nonnegative integers (a, b, c) satisfying a+ b+ c = 300 and a2b+ a2c+ b2a+ b2c+
c2a+ c2b = 6, 000, 000.
Answer the above questions one by one. Remember to put your final answer within \boxed{}.

Response:
Okay, so I have these two problems to solve. Let me start with the first one.
Problem Q1:
We have points O(0,0), A(1/2, 0), and B(0, sqrt(3)/2). The family F consists of segments PQ of unit length in the first quadrant,
with P on the x-axis and Q on the y-axis. We need to find a unique point C on AB (other than A and B) that doesn’t lie on any
other segment from F except AB. Then compute OC² and express it as a reduced fraction p/q, and find p+q. Alright, let’s
break this down. First, let’s visualize the points. O is the origin, A is (1/2, 0), which is halfway between (0,0) and (1,0). B is
(0, sqrt(3)/2), which is halfway between (0,0) and (0,1) in some sense, but sqrt(3)/2 is approximately 0.866. So, AB is a line
segment connecting (1/2, 0) to (0, sqrt(3)/2). Let me compute the equation of line AB.
. . . (Reasoning content for Q1) . . .
So, to find such a point C, we need to find a point on AB that is not on any other PQ, which are all lines from (p, 0) to (0, q)
with p+ q = 1.
Problem Q2:
Find the number of triples of nonnegative integers (a, b, c) satisfying a+ b+ c = 300 and ab+ ac+ ba+ bc+ ca+ cb =
6, 000, 000.
Okay, so we have two equations:
. . . (Reasoning content for Q2) . . .
Thus, each non-symmetric set is unique, so 6 such sets, each contributing 6 ordered triples 36. Plus the symmetric
solution 1. Total=37. But, in reality, the equation may have more solutions. Wait, let me think. Wait, the equation
is:(a(b+ c) + b(c+ a) + c(a+ b))/2006 = abc. So, with (Truncated)

Figure 15: Example of Output Truncation error on DS-R1-Distill-Qwen-7B.
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Example U.2: Example of Endless Repetiion

Query:
Q1: Let ABCD be a tetrahedron such that AB = CD =

√
41, AC = BD =

√
80, and BC = AD =

√
89. There exists

a point I inside the tetrahedron such that the distances from I to each of the faces of the tetrahedron are all equal. This
distance can be written in the form m

√
n

p
, where m, n, and p are positive integers, m and p are relatively prime, and n is not

divisible by the square of any prime. Find m+ n+ p.
Q2: Let p be the least prime number for which there exists a positive integer n such that n4 + 1 is divisible by p2. Find the
least positive integer m such that m4 + 1 is divisible by p2.
Answer the above questions one by one. Remember to put your final answer within \boxed{}.

Response:
Problem Q1: We have a tetrahedron ABCD with some specific edge lengths. The edges AB and CD are both

√
41, AC and

BD are both
√
80, and BC and AD are both

√
89. There’s a point I inside this tetrahedron such that the distances from I to

each face are equal. We need to find this distance, express it in a specific form, and then compute m + n + p where the
distance is m

√
n/p. Hmm, okay. So, first, I remember that in a tetrahedron, the point equidistant from all four faces is called

the incenter, similar to the incenter of a triangle. The distance from this point to each face is the inradius.
. . . (Reasoning content for Q1) . . .
Wait, 236? Hmm, that seems a bit high, but maybe it’s correct. Wait, let me check the formula for the inradius again. Yes, for
a tetrahedron, r = 3V/A, where A is the total surface area. So, yes, that’s correct. Alternatively, another way to compute the
inradius is to note that in a disphenoid, the inradius can be computed using the formula r = (3V )/Atotal, which is what I
did. So, I think 236 is the answer for Q1.
Problem Q2: We need to find the least prime number p such that there exists a positive integer n where p2 divides n4 + 1.
Once we find that prime p, we need to find the least positive integer m such that m4 + 1 is divisible by p2. So, first, we need
to find the smallest prime p where p2 | n4 + 1 for some n. To do this, I think we can consider primes p where −1 is a quartic
residue modulo p2. Because n4 ≡ −1 mod p2, which implies that n4 + 1 ≡ 0 mod p2. Therefore, we need to find the
smallest prime p such that the equation x4 ≡ −1 mod p2 has a solution. Alternatively, since if x4 ≡ −1 mod p2, then
x4 ≡ −1 mod p, so first, we can check for primes p where −1 is a quartic residue modulo p.
. . . (Reasoning content for Q2) . . .
But wait, 110 is quite large, maybe I can find a smaller one. Wait, let me try n = 55. 552 = 3, 025. 3, 025 mod 289:
289·10 = 2, 890. 3, 025−2, 890 = 135. 1352 = 18, 225. 18, 225 mod 289: 289·62 = 17, 918. 18, 225−17, 918 = 307.
307 − 289 = 18. So, 554 ≡ 18 mod 289. 18 + 1 = 19 ̸= 0. n = 55 doesn’t work. Wait, n = 68. 682 = 4, 624.
4, 624 mod 289: 289 · 15 = 4, 335. 4, 624 − 4, 335 = 289. 289 ≡ 0 mod 289. So, 682 ≡ 0 mod 289. So, 684 ≡ 0
mod 289. Doesn’t work. n = 69. 692 = 4, 761. 4, 761 mod 289: 289 · 16 = 4, 624. 4, 761 − 4, 624 = 137.
1372 = 18, 769. 18, 769 mod 289: 289 · 64 = 18, 496. 18, 769− 18, 496 = 273. 273− 289 = −16 ≡ 273 mod 289.
So, 694 ≡ 273 mod 289. 273 + 1 = 274 ≡ 274 ̸= 0. n = 70. 702 = 4, 900. 4, 900 mod 289: 289 · 16 = 4, 624.
4, 900− 4, 624 = 276. 2762 = 76, 176. 76, 176 mod 289: 289 · 263 = 76, 107. 76, 176− 76, 107 = 69. So, 704 ≡ 69
mod 289. 69 + 1 = 70 ≡ 70 ̸= 0. n = 71. 712 = 5, 041. 5, 041 mod 289: 289 · 17 = 4, 913. 5, 041− 4, 913 = 128.
1282 = 16, 384. 16, 384 mod 289: 289 · 56 = 16, 184. 16, 384 − 16, 184 = 200. 200 + 1 = 201 ̸= 0. n = 72.
722 = 5, 184. 5, 184 mod 289: 289 · 17 = 4, 913. 5, 184 − 4, 913 = 271. 2712 = 73, 441. 73, 441 mod 289:
289 · 253 = 73, 197. 73, 441 − 73, 197 = 244. 244 − 289 = −45 ≡ 244 mod 289. 244 + 1 = 245 ̸= 0. n = 73.
732 = 5, 329. 5, 329 mod 289: 289 · 18 = 5, 202. 5, 329 − 5, 202 = 127. 1272 = 16, 129. 16, 129 mod 289:
289 ·55 = 15, 895 ·55 = 15, 895 ·55 = 15, 895 ·55 = 15, 895 ·55 = 15, 895 ·55 = 15, 895 ·55 = 15, (Endless Repeating
289 · 55 = 15, 895).

Figure 16: Example of Endless Repetition error on DS-R1-Distill-Qwen-7B.
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Example U.3: Example of Question Omission

Query:
Q1: Let N be the greatest four-digit positive integer with the property that whenever one of its digits is changed to 1, the
resulting number is divisible by 7. Let Q and R be the quotient and remainder, respectively, when N is divided by 1000.
Find Q+R.
Q2: 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.
Answer the above questions one by one. Remember to put your final answer within \boxed{}.

Response:
Alright, so I have these two math problems to solve. Let me start with Q1. It says:
“Let N be the greatest four-digit positive integer with the property that whenever one of its digits is changed to 1, the resulting
number is divisible by 7. Let Q and R be the quotient and remainder, respectively, when N is divided by 1000. Find Q + R.”
Okay, so N is a four-digit number, and if you change any one of its digits to 1, the new number is divisible by 7. We need to
find N, then divide it by 1000 to get Q and R, and then add them together.
First, let me think about how to approach this. Since changing any digit to 1 results in a number divisible by 7, that gives us
several conditions. Let’s denote N as a four-digit number: N = ABCD, where A, B, C, D are its digits. Then, changing each
digit one by one to 1 should result in a number divisible by 7.
So, changing A to 1: 1BCD should be divisible by 7.
Changing B to 1: A1CD should be divisible by 7.
. . . (Reasoning content for Q1) . . .
After checking various possibilities, we find that the valid number N is 5694.
When N = 5694 is divided by 100, the quotient Q is 56 and the remainder R is 94. Therefore, we compute Q+ 10R:

Q+ 10R = 56 + 10× 94 = 56 + 940 = 996

Thus, the final answer is 996 . (Missing answer for Q2)

Figure 17: Example of Question Omission error on DS-R1-Distill-Qwen-7B.
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Example U.4: Example of Summary Error

Query:
Q1: Consider the paths of length 16 that follow the lines from the lower left corner to the upper right corner on an 8× 8 grid.
Find the number of such paths that change direction exactly four times, like in the examples shown below.

[asy] size(7.5cm); usepackage(\"tikz\");
label(\"\\begin{tikzpicture}[scale=.4] \\draw(0,0)grid(8,8);

\\draw[line width=2,red](0,0)--(2,0)--(2,3)--(5,3)--(5,8)--(8,8);

\\end{tikzpicture}\",origin);

label(\"\\begin{tikzpicture}[scale=.4]\\draw(0,0)grid(8,8);

\\draw[line width=2,red](0,0)--(0,3)--(3,3)--(3,5)--(8,5)--(8,8);

\\end{tikzpicture}\",E); [/asy]

Q2: Rectangles ABCD and EFGH are drawn such that D,E,C, F are collinear. Also, A,D,H,G all lie on a circle. If
BC = 16, AB = 107, FG = 17, and EF = 184, what is the length of CE?

[asy] import graph; unitsize(0.1cm); pair A = (0,0);pair B = (70,0);

pair C = (70,16);pair D = (0,16);pair E = (3,16);pair F = (90,16);pair G = (90,33);

pair H = (3,33); dot(A^^B^^C^^D^^E^^F^^G^^H); label(\"$A$\", A, S);

label(\"$B$\", B, S);label(\"$C$\", C, N);label(\"$D$\", D, N);

label(\"$E$\", E, S);label(\"$F$\", F, S);label(\"$G$\", G, N);

label(\"$H$\", H, N); draw(E--D--A--B--C--E--H--G--F--C); [/asy]

Answer the above questions one by one. Remember to put your final answer within \boxed{}.

Response:
Okay, so I have these two questions to solve. Let me start with the first one.
Q1 Paths on an 8x8 Grid
Alright, so the problem is about finding the number of paths of length 16 on an 8x8 grid that ...
. . . (Reasoning content for Q1) . . .
Similarly, the second example alternates more, but I think the reasoning still holds. So, yeah, 294 seems correct. Therefore,
the answer is 294.
Q2: Rectangles and Circle Problem
Alright, moving on to the second question. It’s a geometry problem involving rectangles and a circle.
. . . (Reasoning content for Q2) . . .
Therefore, regardless of the exact value of e, CE is 201. Wait, that’s interesting. Therefore, CE = 201. So, the exact value is
201. Therefore, the length of CE is 201. </think>
Final Answer To solve the first problem, we need to find the number of ways to arrange the letters of the rectangle ROOT
such that the letters D and E are adjacent. 1. The word ROOT has 4 letters with two O’s. The distinct letters are R, O, O, T. 2.
We treat the pair DE as a single letter, resulting in three units: DE, R, T. 3. These three units can be arranged in 3! = 6 ways.
4. However, DE can also be treated as ED, so we multiply by 2, giving 12 ways. 5. Considering the two O’s, the total number
of distinct arrangements is 12. Thus, the number of ways is 12 .
(The answer to Q1 in the final answer is inconsistent with the answer given during the thinking process.)
For the second problem, we need to find the length of CE in a rectangle ABCD with specific conditions. . . . (Answer content
for Q2) . . .

Figure 18: Example of Summary Error on DS-R1-Distill-Qwen-7B.
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Example U.5: Example of Reasoning Error

Query:
Q1: Eight circles of radius 34 are sequentially tangent, and two of the circles are tangent to AB and BC of triangle ABC,
respectively. 2024 circles of radius 1 can be arranged in the same manner. The inradius of triangle ABC can be expressed as
m
n

, where m and n are relatively prime positive integers. Find m+ n.

[asy] pair A = (2,1); pair B = (0,0); pair C = (3,0); dot(A^^B^^C);

label(\"$A$\", A, N); label(\"$B$\", B, S); label(\"$C$\", C, S);

draw(A--B--C--cycle);

for(real i=0.62; i<2.7; i+=0.29){ draw(circle((i,0.145), 0.145)); } [/asy]

Q2: Find the largest possible real part of (75 + 117i)z + 96+144i
z

where z is a complex number with |z| = 4.
Answer the above questions one by one. Remember to put your final answer within \boxed{}.

Response:
Okay, so I have these two problems to solve, Q1 and Q2. Let me try to tackle them one by one. I’ll start with Q1 because it
seems a bit more straightforward, even though I might need to think carefully.
Problem Q1:
Alright, so we have triangle ABC with two circles tangent to sides AB and BC respectively, each of radius 34. Then, there
are 2024 circles of radius 1 arranged in the same manner. We need to find the inradius of triangle ABC expressed as a
fraction m/n, where m and n are coprime, and then find m+ n.
Hmm, okay. So, I recall that when circles are tangent to sides of a triangle and each other, it often relates to similar triangles
or some kind of geometric progression. Maybe it’s something to do with the inradius being built up by smaller circles?
. . . (Reasoning content for Q1) . . .
Alternatively, maybe it’s the geometric mean,

√
(34 ∗ 1) =

√
34, but that’s irrational. But since the problem states that the

inradius can be expressed as m/n, where m and n are coprime integers, 35 is a reasonable answer. So, perhaps the answer is
35, so m+ n = 36. Therefore, after all this thinking, I think the inradius is 35, so the answer is 36. Final Answer 36

Now, moving on to problem 2. We have the function f(x) = 75+14x−x2

1+2x
, and we need to find the maximum value of the

expression (75+117i−144j)
f(i)−4

where i and j are complex numbers with |i| = |j| = 4. First, I need to understand what is being
asked. We have a complex expression, and we need to find its maximum value as i and j range over complex numbers with
magnitude 4. So, let me denote z = i, w = j, with |z| = |w| = 4. Then, the expression becomes: 75+117z−144w

f(z)−4

. . . (Reasoning content for Q2) . . .
Wait, maybe the maximum is 15, so the answer is 15, sum is 16. But to be honest, given that my calculations are not consistent,
maybe the answer is 15. But to end, I think the maximum value is 15, so 15/1, so 15 + 1 = 16. Final Answer Problem 2
16 (Errors occur in the reasoning process of Q1 and Q2.)

Figure 19: Example of Reasoning Error on DS-R1-Distill-Qwen-7B.
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Model
Bench Stress

Degree GSM8K MATH500 AMC23 AIME24 AIME25 GPQA
Diamond

LiveCode
Bench

1.5B LRMs

DS-R1-Distill-Qwen-1.5B

I 84.62 83.40 62.50 29.17 25.00 37.37 15.05
II 82.21 65.53 28.75 9.17 13.54 23.74 1.08
III 76.21 47.52 13.75 6.11 5.83 23.06 0.60
IV 66.30 34.43 6.61 2.08 2.60 21.34 0.18
V 56.13 22.40 6.81 2.50 1.67 20.30 0.07

DeepScaleR-1.5B

I 84.84 87.60 76.25 38.75 31.25 31.82 21.15
II 83.37 79.67 54.58 21.88 21.67 31.31 3.76
III 73.81 66.88 37.25 13.19 15.97 27.27 1.67
IV 61.10 50.31 21.79 9.79 11.77 26.77 1.61
V 48.04 42.20 14.58 6.42 7.50 26.26 0.29

L1-Qwen-1.5B-Exact

I 84.87 84.00 71.25 21.25 18.33 33.84 18.28
II 84.25 78.07 57.92 13.33 18.33 31.57 5.73
III 83.19 72.96 50.00 14.72 12.08 32.83 1.79
IV 76.62 70.46 41.96 12.19 11.25 30.43 2.33
V 69.99 66.78 39.58 10.25 10.17 29.19 0.93

L1-Qwen-1.5B-Max

I 84.17 83.40 77.50 20.00 22.92 36.87 19.35
II 83.92 78.93 61.67 16.25 18.33 32.32 4.48
III 81.98 75.28 52.00 16.11 16.53 32.49 2.27
IV 77.37 71.60 41.61 15.00 13.44 30.68 1.61
V 67.89 67.11 38.19 13.17 11.50 32.63 1.43

Qwen2.5-Math-1.5B-Inst

I 85.37 73.00 57.50 10.83 10.83 - -
II 81.32 65.00 37.50 9.38 8.75 - -
III 75.74 58.36 24.50 5.97 0.14 - -
IV 64.67 52.09 15.36 6.15 1.77 - -
V 48.21 40.29 11.53 3.17 0.67 - -

Qwen2.5-1.5B-Inst

I 65.13 53.40 30.00 2.50 0.00 26.26 1.79
II 25.52 37.00 14.17 0 1.67 22.80 0.90
III 12.94 28.60 11.00 4.58 0 21.96 0.36
IV 7.65 23.29 10.89 2.92 0 21.03 0.09
V 6.19 19.31 6.53 0.67 0 20.27 0.14

Table 18: Detailed accuracy statistics for each stress level of various LRMs. Some models are only evaluated on
math-related benchmarks, as their official guidelines do not recommend their use for other task domains.
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Model
Bench Stress

Degree GSM8K MATH500 AMC23 AIME24 AIME25 GPQA
Diamond

LiveCode
Bench

7 ∼ 8B LRMs

DS-R1-Distill-Qwen-7B

I 89.49 93.00 87.50 54.17 35.42 51.01 37.63
II 89.01 83.67 68.33 35.00 21.67 38.38 7.35
III 90.03 72.16 41.00 16.94 13.06 31.31 2.15
IV 89.37 61.74 22.14 8.44 7.92 29.80 0.90
V 87.83 49.42 12.78 5.75 2.83 27.17 1.15

Efficient-R1-7B (α = 0.1)

I 88.63 90.00 87.50 54.58 35.42 48.98 39.07
II 85.49 86.80 70.83 40.62 26.46 39.65 7.35
III 84.52 79.12 53.00 21.11 16.94 38.38 2.75
IV 84.85 72.86 29.29 14.58 12.19 33.84 0.72
V 84.16 61.18 23.89 9.50 7.42 31.72 0.65

Efficient-R1-7B (α = 0.2)

I 87.95 88.20 85.00 50.42 33.75 47.97 38.71
II 84.10 85.20 76.25 38.54 27.29 38.13 6.63
III 81.49 81.28 52.75 24.86 19.31 33.67 2.15
IV 78.92 73.14 35.00 16.67 14.06 33.46 0.63
V 77.02 66.02 28.19 8.42 8.33 32.22 0.57

DS-R1-Distill-LLaMA-8B

I 90.45 89.80 87.50 55.00 28.33 50.00 39.43
II 89.13 85.20 81.25 38.33 25.00 39.14 12.54
III 86.59 82.92 75.25 36.67 22.78 34.85 14.34
IV 84.33 80.69 64.29 27.92 24.17 32.07 10.75
V 80.67 76.53 62.22 22.00 18.67 29.90 7.38

Nemotron-Nano-8B

I 91.36 94.40 90.00 63.33 50.00 51.01 50.90
II 90.37 89.67 88.75 52.50 40.83 31.57 15.41
III 69.27 87.48 80.00 47.78 36.11 34.18 9.08
IV 34.93 84.83 70.36 41.25 27.50 38.76 6.09
V 18.71 82.18 65.83 32.67 24.67 31.72 3.66

AReaL-boba-RL-7B

I 91.66 95.00 91.25 61.25 45.83 48.99 37.99
II 91.08 83.00 60.42 37.08 22.08 38.64 8.60
III 85.72 68.56 37.00 22.22 12.64 27.61 3.46
IV 72.48 53.46 20.71 15.00 8.33 25.00 3.41
V 61.91 38.07 13.61 11.42 6.25 25.25 3.44

Light-R1-7B-DS

I 88.05 93.20 90.00 55.83 45.83 51.01 39.07
II 83.90 83.47 67.50 31.87 24.17 36.87 8.06
III 84.96 69.16 38.00 18.19 14.17 32.15 1.43
IV 83.56 55.17 23.57 10.21 7.81 28.41 0.81
V 78.34 39.11 10.56 6.25 5.67 23.84 1.08

Table 19: Detailed accuracy statistics for each stress level of various LRMs. Some models are only evaluated on
math-related benchmarks, as their official guidelines do not recommend their use for other task domains.
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Model
Bench Stress

Degree GSM8K MATH500 AMC23 AIME24 AIME25 GPQA
Diamond

LiveCode
Bench

7 ∼ 8B LRMs

OpenR1-Qwen-7B

I 95.60 92.20 83.75 47.50 32.92 38.38 4.66
II 91.43 86.40 73.75 37.08 27.50 35.86 2.33
III 92.67 83.64 61.00 26.11 25.56 36.70 0.72
IV 90.38 80.11 44.46 26.15 18.12 38.76 0.72
V 86.38 76.42 37.22 17.75 13.58 32.83 1.29

OpenThinker2-7B

I 94.39 93.80 85.00 54.58 41.67 44.44 39.43
II 93.78 89.20 78.75 45.83 30.21 41.67 17.38
III 92.85 83.48 63.00 36.67 27.36 40.91 16.37
IV 91.31 82.23 58.39 31.15 20.31 42.05 12.81
V 90.01 78.29 52.78 24.33 16.75 37.78 11.47

SimpleRL-Zoo-Qwen-7B

I 90.52 77.80 62.50 26.67 10.00 33.84 5.73
II 81.20 70.53 41.67 6.67 10.00 36.62 0.18
III 86.57 66.76 29.50 12.08 5.42 33.16 0.36
IV 86.31 59.54 31.79 7.29 5.21 36.11 0.09
V 81.97 52.82 21.94 4.17 5.25 36.06 0

Open-Reasoner-Zero-7B

I 92.87 83.00 60.00 17.92 16.25 37.37 16.13
II 87.19 52.93 30.83 9.79 7.50 33.33 0.72
III 68.46 34.84 15.75 7.92 4.31 35.69 0.48
IV 55.10 26.46 10.00 3.54 1.56 35.86 0.63
V 49.80 15.82 8.06 3.25 2.17 32.12 0.72

Marco-O1-7B

I 89.08 72.40 47.50 10.00 10.83 30.81 9.32
II 83.62 57.80 26.67 5.42 5.62 28.54 8.24
III 76.06 51.08 17.00 5.69 3.47 30.64 6.69
IV 77.95 46.66 13.57 4.27 4.79 29.67 7.08
V 80.61 37.20 11.67 2.00 0.67 24.44 6.95

MathFusion-Qwen-7B

I 89.46 74.00 52.50 9.58 5.83 - -
II 87.47 72.27 50.00 10.42 3.12 - -
III 84.76 69.32 36.00 7.78 4.03 - -
IV 82.92 67.17 32.86 6.67 1.98 - -
V 79.97 63.84 26.11 6.67 0.25 - -

Eurus-2-7B-PRIME

I 92.72 81.40 62.50 20.83 14.58 - -
II 90.12 70.60 49.17 14.17 6.46 - -
III 88.38 64.72 42.75 13.75 4.31 - -
IV 86.83 63.80 35.18 7.60 4.17 - -
V 86.70 59.64 27.22 7.83 3.00 - -

Qwen2.5-Math-7B-Inst

I 95.53 83.60 60.00 14.17 11.67 35.35 4.30
II 92.14 73.27 45.00 8.12 9.17 33.58 2.87
III 86.62 64.28 29.00 7.78 3.75 1.55
IV 76.03 49.89 21.79 6.35 4.58 34.34 0.81
V 59.32 38.91 18.06 3.33 3.83 0.57

Qwen2.5-7B-Instruct

I 92.27 77.60 42.50 10.00 3.75 35.86 13.98
II 88.07 68.80 41.67 7.71 0 33.08 11.83
III 85.37 67.60 34.00 6.53 3.89 35.69 11.47
IV 83.89 64.89 30.36 5.42 4.38 36.99 9.05
V 83.16 61.84 31.81 8.42 5.00 34.85 8.39

Table 20: Detailed accuracy statistics for each stress level of various LRMs. Some models are only evaluated on
math-related benchmarks, as their official guidelines do not recommend their use for other task domains.
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Model
Bench Stress

Degree GSM8K MATH500 AMC23 AIME24 AIME25 GPQA
Diamond

LiveCode
Bench

32B LRMs

DS-R1-Distill-Qwen-32B

I 95.54 94.60 94.75 72.92 51.67 60.10 55.56
II 95.73 91.47 91.25 63.33 46.04 57.83 37.63
III 95.44 90.72 89.00 56.25 36.39 55.22 26.64
IV 95.43 88.69 82.50 48.54 29.79 51.14 23.30
V 95.39 85.00 82.22 41.92 23.08 50.71 19.28

Qwen-QwQ-32B

I 95.83 96.2 95.00 78.75 69.58 63.64 62.37
II 96.21 93.80 94.17 66.88 56.04 60.35 45.34
III 95.99 92.48 87.25 59.86 45.83 59.43 32.97
IV 95.71 92.49 79.29 49.58 37.50 61.36 26.52
V 95.20 91.20 70.83 42.83 26.75 58.99 23.80

AReaL-boba-SFT-32B

I 93.33 95.00 97.50 77.50 60.00 63.13 60.93
II 93.56 93.00 95.00 63.12 50.83 54.80 45.34
III 95.01 89.64 83.50 55.42 37.36 54.21 36.32
IV 95.09 87.26 75.54 37.60 28.02 47.98 27.24
V 95.32 85.78 61.81 27.00 18.00 45.35 18.06

Light-R1-32B-DS

I 95.83 95.60 96.25 77.50 66.67 65.66 60.93
II 95.68 91.53 91.67 57.50 52.71 57.58 39.96
III 95.40 85.52 75.25 49.17 36.67 52.19 32.97
IV 94.01 79.69 56.07 32.60 26.56 48.23 22.31
V 94.07 77.91 52.22 25.75 19.25 42.42 17.63

S1.1-32B

I 89.84 90.40 90.00 55.83 45.42 61.62 25.45
II 70.71 65.13 48.75 36.87 29.79 55.30 25.09
III 61.04 54.92 35.00 25.97 19.86 58.08 25.09
IV 56.81 47.91 26.96 20.10 14.69 52.15 24.37
V 55.82 47.44 18.33 14.75 12.17 52.63 23.30

OpenThinker2-32B

I 96.44 96.20 95.00 68.33 52.50 62.12 56.27
II 95.48 92.80 94.58 61.46 50.62 59.09 45.34
III 95.27 90.48 80.25 61.94 41.53 56.73 39.19
IV 95.19 88.63 78.04 50.21 33.96 58.46 35.39
V 94.74 88.49 71.11 38.42 26.67 56.87 30.18

SimpleRL-Zoo-Qwen-32B

I 96.06 83.20 67.50 27.20 16.67 46.46 26.52
II 95.40 79.80 61.67 16.67 8.12 44.19 25.81
III 94.35 79.52 57.00 16.67 7.92 48.48 25.33
IV 92.79 79.37 56.07 19.17 8.75 45.58 22.49
V 91.43 76.89 53.33 14.67 10.67 46.57 22.15

Open-Reasoner-Zero-32B

I 95.83 92.00 83.75 46.67 36.67 60.10 35.13
II 93.86 87.13 80.00 38.33 26.67 51.77 14.16
III 92.86 83.28 68.50 35.00 26.11 50.51 13.50
IV 91.21 80.06 68.04 27.92 22.08 47.60 11.92
V 89.27 81.13 63.61 25.33 19.67 48.38 12.47

Qwen2.5-32B-Inst

I 95.53 82.20 60.00 20.00 16.67 42.93 26.88
II 94.36 77.07 60.00 10.00 11.67 39.39 25.45
III 94.17 74.76 50.00 11.11 6.39 39.06 24.25
IV 93.37 72.20 48.04 8.33 4.17 41.79 23.30
V 93.19 69.51 40.83 9.00 4.67 39.90 23.01

Table 21: Detailed accuracy statistics for each stress level of various LRMs.
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Model
Bench Stress

Degree GSM8K MATH500 AMC23 AIME24 AIME25 GPQA
Diamond

LiveCode
Bench

API-based LRMs

DeepSeek-R1

I 96.20 97.00 93.75 81.66 68.75 70.20 63.44
II 96.10 94.20 88.75 66.67 55.00 70.45 50.54
III 96.20 93.40 84.75 57.78 40.00 64.48 44.44
IV 96.18 91.94 84.11 54.17 31.67 62.88 34.59
V 95.75 88.80 69.58 31.33 22.00 60.71 33.76

O3-Mini

I 95.83 95.00 90.00 79.16 71.66 71.21 60.21
II 95.17 93.87 70.75 49.00 58.33 68.43 52.87
III 94.35 80.60 59.58 40.56 38.33 67.51 51.73
IV 93.69 88.94 58.75 30.83 27.50 66.54 47.67
V 92.17 90.31 56.25 30.83 13.75 67.07 41.15

O4-Mini

I 93.71 90.00 96.25 73.33 80.00 76.26 70.61
II 93.25 85.67 90.42 62.50 52.50 74.24 67.20
III 92.96 83.40 80.75 53.89 53.33 73.40 62.96
IV 92.97 82.83 84.82 52.50 49.17 71.97 61.56
V 93.11 80.96 75.83 42.67 33.67 72.83 60.57

Gemini-2.5-Flash-Thinking

I 89.23 97.20 97.50 76.67 71.67 78.79 61.65
II 89.87 87.67 75.00 65.83 47.50 72.73 53.05
III 91.76 71.96 54.00 38.89 27.22 67.34 50.42
IV 92.12 69.60 41.25 22.92 18.75 68.18 47.94
V 91.35 68.20 41.39 18.00 14.33 63.74 41.94

Table 22: Detailed accuracy statistics for each stress level of various LRMs.
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