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Abstract

Large language models (LLMs) have achieved001
remarkable progress in autonomous reasoning,002
evolving from basic text processing to sophis-003
ticated multimodal reasoning, a critical capa-004
bility for general-purpose AI assistants. How-005
ever, existing benchmarks usually fail to ade-006
quately capture the intricate multi-step reason-007
ing demands inherent in real-world scenarios.008
To bridge this gap, we propose C2RBench: a009
Chinese Complex Reasoning Benchmark for010
evaluating multi-step, multimodal advanced011
reasoning capability of LLMs. C2RBench com-012
prises 1,115 carefully curated Chinese tasks,013
which are organized into eight domain-specific014
subsets, each meticulously designed to mirror015
real-world challenges. This hierarchical bench-016
mark features three difficulty tiers based on the017
number of reasoning steps required (average018
8.44 steps per task), significantly exceeding019
existing benchmarks in cognitive complexity.020
Extensive evaluations of 16 LLMs (including021
DeepSeek-R1) and 20 multimodal large lan-022
guage models (MLLMs) on C2RBench reveal023
critical performance gaps: GPT-4o achieves024
only 45.20% accuracy, indicating substantial025
room for improvement.026

1 Introduction027

Recent advances in reasoning language models028

like o1-preview1 and DeepSeek-R1 (DeepSeek-AI029

et al., 2025) have greatly improved the reasoning030

capacity of large language models (LLMs), en-031

abling LLMs to engage in more extended and de-032

liberate thought processes to tackle increasingly033

complex problems compared to earlier LLMs (Yao034

et al., 2023). These reasoning models exhibit im-035

proved multi-step reasoning, decision-making, and036

adaptability across diverse tasks (Chen et al., 2024).037

However, existing reasoning benchmarks usually038

fail to satisfy the evaluation requirements of rea-039

soning language models (Huang and Chang, 2023).040

1https://openai.com/o1/
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Figure 1: Illustration of the features of C2RBench.

First, these benchmarks often focus on a small 041

number of reasoning tasks with limited reasoning 042

steps. For instance, GSM8K (Cobbe et al., 2021) 043

assesses elementary mathematical operations in- 044

volving only 2 to 8 reasoning steps. 045

Second, current benchmarks, such as DRCD 046

(Shao et al., 2019) and C-Eval (Huang et al., 2023), 047

lack alignment with real-world problem-solving 048

scenarios. 049

Third, many reasoning benchmarks suffer from 050

modality and language constraints as they usually 051

focus on textual reasoning in English, neglecting 052

other modalities and languages (Li et al., 2024b; 053

Huang et al., 2024b). 054

To mitigate these challenges, we propose 055

the Chinese Complex Reasoning Benchmark 056

(C2RBench) for evaluating multi-task, multi-step 057

and multimodal reasoning capability of LLMs. As 058

illustrated in Figure 1, it features a broader and 059

more reasoning steps than most existing bench- 060

marks. Specifically, C2RBench favors multi-step 061

reasoning, with an average of 8.44 sequential rea- 062

soning steps per task. It is designed with three 063

levels of reasoning complexity in terms of the num- 064

ber of reasoning steps required, where level-3 rea- 065

soning tasks consist of 13.03 reasoning steps on 066

average. It is also developed to support multimodal 067

reasoning across text, images, tables and files. Rea- 068

soning tasks selected in C2RBench are usually from 069

real-world scenarios, e.g., file processing, graph 070

analysis, reasoning in science, in order to simulate 071

1

https://openai.com/o1/


evaluation of LLM reasoning in real-world applica-072

tions. Despite being related to a previous reasoning073

benchmark GAIA (Mialon et al., 2023), C2RBench074

is larger (1,115 vs 466 reasoning tasks) and more075

aligned to real-world scenarios than GAIA with a076

different language focus (Chinese vs English).077

The main contributions of the C2RBench can be078

summarized as follows:079

1. We curate a challenging multimodal multi-080

step reasoning benchmark in Chinese, ad-081

dressing the critical gap in Chinese reasoning082

benchmarks.083

2. The curated benchmark C2RBench benefits084

from its high cognitive complexity and close085

alignment with real-world reasoning scenar-086

ios. It consists of 1,115 tasks across 8 subsets087

and 3 complexity levels, with an average of088

4.63 reasoning steps per level-1 task, 8.56 per089

level-2 task and 13.03 per level-3 task.090

3. We conduct extensive evaluations of 16 LLMs091

and 20 multimodal large language models092

(MLLMs) on C2RBench. Experiments re-093

veal critical performance gaps: even state-of-094

the-art models such as GPT-4o achieve only095

45.20% accuracy, suggesting the challenging096

nature of C2RBench for advanced LLMs.097

2 Related Work098

As LLMs continue to advance, the tasks they ad-099

dress have grown more complex (Giadikiaroglou100

et al., 2024). Reasoning, as a fundamental capa-101

bility essential for solving complex problems, has102

increasingly become a focal point of research (Wei103

et al., 2023; Huang and Chang, 2022; DeepSeek-104

AI et al., 2025; Team, 2025). Based on the nature105

of the reasoning tasks, existing benchmarks can be106

categorized into task-specific benchmarks and com-107

prehensive benchmarks. Compared to task-specific108

benchmarks designed for particular tasks, compre-109

hensive benchmarks attempt to assess the general110

reasoning capabilities of LLMs.111

Task Specific Reasoning Benchmarks. Many112

studies evaluate the reasoning capabilities of LLMs113

across specific dimensions. For instance, Hel-114

laSwag (Zellers et al., 2019) and SIQA (Sap et al.,115

2019) measure LLMs’ common-sense reasoning116

abilities, while MathVista (Lu et al., 2024) and117

GSM8K (Cobbe et al., 2021) assess their mathe-118

matical reasoning skills. SQuAD (Rajpurkar et al.,119

2018) evaluates LLMs’ reading comprehension,120

whereas ARC (Clark et al., 2018) examines their 121

scientific question-answering capabilities. These 122

benchmarks serve as a foundation for evaluating 123

the specific reasoning capabilities of LLMs. 124

Comprehensive Reasoning Benchmarks. To 125

provide a more comprehensive and systematic eval- 126

uation of MLLMs’ reasoning capabilities, several 127

comprehensive benchmarks have been proposed, 128

typically encompassing a diverse set of tasks (Li 129

et al., 2024a). For instance, MMMU (Yue et al., 130

2024a,b) provides a comprehensive evaluation of 131

MLLMs’ performance across tasks in the cate- 132

gories of Art & Design, Business, Science, Health 133

& Medicine, Humanities & Social Sciences, and 134

Technology & Engineering, with tasks presented 135

in a multiple-choice format. Similarly, C-Eval 136

(Huang et al., 2023) is a Chinese benchmark for 137

assessing models’ advanced knowledge and rea- 138

soning abilities. In addition, both MMBench (Liu 139

et al., 2023) and GAOKAO-MM (Zong and Qiu, 140

2024) assess MLLMs’ visual perception and rea- 141

soning abilities, also using multiple-choice tasks. 142

GAIA (Mialon et al., 2023) provides a compre- 143

hensive evaluation of MLLMs’ capabilities in web 144

search, coding, multimodal tasks, and document 145

reading, with tasks presented in an open-ended gen- 146

eration format. However, these benchmarks still 147

exhibit limited task coverage and lack real-world 148

relevance, constraining their applicability to broad 149

use cases. Moreover, research on comprehensive 150

reasoning evaluation benchmarks in the Chinese 151

domain remains an area yet to be fully explored 152

(Huang et al., 2023). Addressing this gap is crucial 153

for developing LLMs that can effectively handle 154

complex reasoning tasks in Chinese, particularly in 155

multimodal settings. 156

To address these challenges, we propose 157

C2RBench, a Chinese dataset designed for multi- 158

task, multi-modal and multi-step reasoning scenar- 159

ios in real-world applications. Detailed comparison 160

of our dataset with previous datasets is presented 161

in Table 1. 162

3 Dataset Curation 163

We follow the pipeline illustrated in Figure 2 to 164

curate C2RBemch. 165

3.1 Data Sources and Preprocessing 166

To maintain applicability in real-world scenarios, 167

we derive our primary data sources from four key 168

categories: (1) published materials (e.g., civil ser- 169
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Datasets MS Anno? Size Lang Domain Task Type
MathVista no 5.14K en Math Open&MC
MMMU a few 12K en Real-world Open&MC
GAIA yes 0.5K en Real-world Open
GaoKao-MM no 0.6K zh Exams MC
C-Eval no 14K zh Exams, Web MC
DRCD no 30K zh Reading Open
C2RBench yes 1.1K zh Real-world Open&MC

Table 1: Comparison of C2RBench with existing reasoning benchmarks. The column “MS Anno?” indicates
whether the dataset provides multi-step reasoning annotations. MC denotes Multi-choice QA, while open refers to
open-ended QA.

Data Sourcing

Preprocessing

Quality Control Annotation 

Pure Text

Single Image

Multiple Images

Multiple 
Files

Modality{
    "task_id": "01001",
    "Question": "...",
    "Label": "Multimodal",
    "Level": "1",
    "Final answer": "D",
    "File_name": "01001.png",
    "Steps": "...",
    "Number of steps": "4"
}

Figure 2: The dataset curation pipeline of C2RBench.

vice examination question banks, classical litera-170

ture), (2) authoritative databases (e.g., China Na-171

tional Bureau of Statistics), (3) educational re-172

sources (e.g., secondary and post-secondary aca-173

demic examination questions), and (4) structured174

datasets from platforms such as Kaggle. Addi-175

tionally, we employ a hybrid human-AI approach,176

leveraging ChatGPT for partial data generation (177

see A.1), followed by rigorous manual screening,178

verification, and refinement to uphold data quality.179

This dual strategy—integrating authentic sources180

with high-quality synthetic data—provides a ro-181

bust foundation for the real-world applicability of182

C2RBench.183

Once we collect raw data from multiple sources,184

we perform preprocessing, which adheres to three185

key principles. First, we implement strict data con-186

struction protocols executed through standardized187

workflows. Second, all annotators undergo compre-188

hensive training to ensure a thorough understand-189

ing of annotation guidelines and consistent labeling190

practices. Third, we establish a multi-stage quality191

control strategy featuring periodic progress moni-192

toring and randomized sample audits. Identified is-193

sues undergo immediate corrective measures, with194

error patterns systematically analyzed to prevent195

recurrence. During preprocessing, we normalize 196

data formats while preserving original semantic 197

structures, ensuring compatibility with diverse rea- 198

soning architectures. 199

3.2 Annotation 200

Preprocessed data are then transformed into struc- 201

tured formats (please see examples sampled from 202

C2RBench provided in Appendix 12) adhering to 203

four fundamental question design principles: 204

• Unambiguous responses: All questions must 205

yield unique, deterministic answers with con- 206

cise solutions. 207

• Multi-step reasoning requirements: Each 208

problem necessitates more than 3 interde- 209

pendent reasoning steps, where intermediate 210

steps demonstrate indispensable logical pro- 211

gression. 212

• Non-retrievability constraint: Solutions must 213

resist direct retrieval through search engine 214

queries, ensuring genuine reasoning demands. 215

• Synthetic data validation: ChatGPT-generated 216

content undergo specialized human screen- 217

ing and validation, including semantic consis- 218

tency checks and logical consistency verifica- 219

tion. 220

• Prevention of Data Contamination: To prevent 221

data contamination, we ensure that no ques- 222

tion in C2RBench can be answered directly 223

through a simple search engine query from. 224

To operationalize these principles, we imple- 225

ment a dual-layer verification system: automated 226

rule-based filtering complemented by expert review. 227

This framework ensures strict adherence to com- 228

plexity thresholds while maintaining real-world 229
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Figure 3: Proportion of different subsets in C2RBench.

problem-solving relevance. The final dataset pre-230

serves original semantic structures through normal-231

ized representation, enabling compatibility with232

diverse reasoning architectures without compro-233

mising task authenticity.234

3.3 Quality Control235

Following data annotation, we implement a rig-236

orous quality control protocol through cross-237

verification. This validation process ensures data238

accuracy and logical consistency through three239

key metrics: (1) logical coherence of the problem-240

solving steps, (2) correctness of the final answers,241

and (3) relevance of supporting materials.242

The dataset undergoes systematic iterative re-243

finement via a dual-phase optimization strategy. (1)244

Deduplication: Qustions with high similarity are245

removed based on similarity scores (using TF-IDF246

combined with cosine similarity). Automatically247

detected duplicates are further verified manually.248

(2) Dynamic Difficulty Calibration: The complex-249

ity of questions is adaptively adjusted based on250

solver feedback statistics. Our empirical thresh-251

olding mechanism automatically elevates problems252

exceeding 11 procedural steps (originally classified253

as Level 2) to higher complexity tiers (Level 3),254

with human validation applied to all reclassifica-255

tions.256

This multilayered quality control framework en-257

sures that the dataset maintains optimal difficulty258

progression while preserving content diversity and259

pedagogical validity throughout iterative updates.260

3.4 Statistics261

After extensive manual annotation and quality con-262

trol, C2RBench ultimately comprises 1,115 data263

instances across 8 subsets: Math, Multimodal, Log-264

ical, General Knowledge, Graph Analysis, Reading,265

Science, and File Processing. The proportion of266

0 20 40 60 80 100 120 140 160
Count

Multimodal

Logical

Graph Analysis

Math

Science

File Processing

General Knowledge

Reading

C
at

eg
or

y

159.0

159.0

117.0

158.0

158.0

140.0

112.0

0.0

26.4% 44.0% 29.6%

26.4% 44.0% 29.6%

35.9% 59.8% 4.3%

26.6% 44.3% 29.1%

26.6% 44.3% 29.1%

30.0% 50.0% 20.0%

37.5% 37.5% 25.0%

Level
1 2 3

Figure 4: The proportion of different difficulty levels in
each subset.

1 2 3
Level

2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0

N
um

be
r o

f S
te

ps

Figure 5: Number of steps in C2RBench.

each subset is shown in Figure 3. To enable a more 267

detailed analysis of model reasoning capabilities, 268

we categorize data instances into three difficulty 269

levels based on the number of annotated reasoning 270

steps: 271

1. Level 1 (3–6 reasoning steps): Basic reason- 272

ing tasks, evaluating fundamental reasoning abili- 273

ties of LLMs. 274

2. Level 2 (7–11 reasoning steps): Intermediate 275

reasoning tasks, assessing the proficiency of LLMs 276

in multi-step reasoning. 277

3. Level 3 (12 or more reasoning steps): Ad- 278

vanced reasoning tasks, providing a comprehensive 279

evaluation of the multi-step reasoning and informa- 280

tion integration capabilities of LLMs. 281

We provide detailed statistical data and visual 282

analyses to offer a deep understanding of the struc- 283

ture of C2RBench in Figure 4 and Figure 5. 284

4 Experiments 285

We conducted extensive experiments with 16 LLMs 286

and 20 MLLMs on C2RBench to evaluate its effec- 287

tiveness and utility for assessing reasoning capabil- 288

ities of LLMs. All models used for evaluation are 289

summarized in Table 2. 290
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Models Open Source? Model Size Multimodal?

DeepSeek-R1 (DeepSeek-AI et al., 2025) Yes 671B No
DeepSeek-V2.5-1210 (DeepSeek-AI, 2024) Yes 236B No
DeepSeek-V3 (DeepSeek-AI et al., 2024) Yes 671B No
Doubao-1.5-vision-pro- 2 No undisclosed Yes
Doubao-pro-32k 2 No undisclosed No
Doubao-vision-pro-32k 2 No undisclosed Yes
Ernie-4.0-Turbo-8k 3 No undisclosed No
Gemini 1.5 Pro 4 No undisclosed Yes
Gemini 1.5 Flash 4 No undisclosed Yes
GLM-4-Long (GLM et al., 2024) No undisclosed Yes
GLM-4v-plus 5 No undisclosed Yes
GLM-Zero-preview 5 No undisclosed No
GPT-3.5-Turbo 6 No undisclosed No
GPT-4o 6 No undisclosed Yes
GPT-4o-mini 6 No undisclosed Yes
GPT-4-Turbo 6 No undisclosed No
hunyuan-turbo-latest 7 No undisclosed No
hunyuan-turbo-vision 7 No undisclosed Yes
Llama-3.2-Vision (Patterson et al., 2022) Yes 11B, 90B Yes
LLaVA-OneVision (Patterson et al., 2022) Yes 7B, 72B Yes
Moonshot-v1-32k 8 No undisclosed No
Moonshot-v1-32k-vision-preview 8 No undisclosed Yes
o1-mini 6 No undisclosed No
o1-preview 1 No undisclosed No
Pixtral (Agrawal et al., 2024) Yes 12B Yes
Qwen2-VL 9 Yes 2B, 7B, 72B Yes
Qwen-VL-max (Bai et al., 2023) No undisclosed Yes
QwQ-32B (Yang et al., 2024) Yes 32B No
SenseChat-5-1202 10 No undisclosed No
Spark4.0 Ultra 11 No undisclosed No
Yi-Lightning (Wake et al., 2025) No undisclosed No
Yi-Vision-V2 12 No undisclosed Yes

Table 2: Models evaluated on the C2RBench.

4.1 Evaluation Settings291

We evaluated various models on C2RBench, in-292

cluding both LLMs and MLLMs. For each type,293

both closed-source and open-source models were294

considered. All evaluations were conducted in a295

zero-shot setting to assess the ability to generate296

accurate answers without fine-tuning or reliance on297

few-shot examples.298

We used accuracy (ACC) as the evaluation met-299

ric. Given that the dataset contains a large num-300

ber of open-ended and multiple-choice questions,301

simple regularized matching is deemed unsuitable.302

Therefore, we employed GPT-4o as the evaluation303

model, and through random sampling and manual304

inspection, the evaluation accuracy exceeded 98%.305

The evaluation process is illustrated in Figure 6.306

All experiments were conducted on servers con-307

taining eight NVIDIA A6000 GPUs with 48GB308

memory each. When available, we preferentially309

utilized the official APIs provided by the model310

developers for experimental evaluations.311

To ensure fairness and reproducibility of ex-312

perimental results, we standardized the setting of313

temperature = 0 whenever possible. For mod-314

els that necessitate a positive sampling tempera-315

ture, such as Llama, we set temperature = 0.001316

and configured do_sample = False. Notably, o1-317

preview only allows temperature = 1, while the318

temperature setting is ineffective for DeepSeek-R1.319

320

4.2 Tested Models 321

All tested models are summarized in Table 2. 322

MLLMs. We evaluated 20 MLLMs on 323

C2RBench. Both closed-source and open-source 324

models were considered. By default, we se- 325

lected the most recent and highest-performing 326

model for testing for each model family, such 327

as GPT-4o, Qwen-VL and Doubao. Specifically, 328

Llama-3.2-Vision does not officially support 329

Chinese. 330

Text-only LLMs. We selected 16 highest- 331

performing text-only LLMs, including Deepseek- 332

R1 and o1-preview. 333

4.3 Results 334

Overall Performance: The best-performing 335

models, GPT-4o, Doubao-vision-pro-32k and 336

Doubao-1.5-vision-pro-32k, achieve accuracy of 337

45.20%, 47.62% and 54.98%. On the logical sub- 338

set, the most powerful reasoning language models, 339

o1-preview and Deepseek-R1, gain an accuracy of 340

72.33% and 76.1%, highlighting the challenging 341

nature of C2RBench. 342

Disparity between Open-source and Closed- 343

source Models: The current leading open-source 344

MLLM (e.g., Qwen2-VL-72B-Instruct, as of the 345

paper submission) achieves an accuracy of ap- 346

proximately 37.76%, which is significantly lower 347

than closed-source models like GPT-4o, Doubao- 348

vision-pro-32k, and Doubao-1.5-vision-pro-32k. 349

However, encouragingly, open-source models have 350

shown promising performance on logical reasoning 351

tasks. For instance, Deepseek-R1 achieves an ac- 352

curacy of 76.10% on the logical subset, surpassing 353

the performance of closed-source state-of-the-art 354

models such as o1-preview. 355

2https://www.volcengine.com/product/doubao
3https://ai.baidu.com/ai-doc/WENXINWORKSHOP/

am3ih7xdy
4https://deepmind.google/technologies/gemini/
5https://www.zhipuai.cn
6https://openai.com
7https://hunyuan.tencent.com
8https://platform.moonshot.cn
9https://qwenlm.github.io/blog/qwen2-vl/

10https://platform.sensenova.cn
11https://www.xfyun.cn
12https://platform.lingyiwanwu.com
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                   LLM to be tested

给你一个问题，请你首先给出思考过程，最后给
出一个简短的结论(或者选项、答案)。请按照分
析：{你的分析}\n\n答案：{你的答案}的格式来
回复。\n\n
(Given a question, first provide your reasoning 
process, then conclude with a concise answer (or 
choice/solution). Please respond in the 
format:\n\nAnalysis: {your analysis}\n\nAnswer: 
{your answer}\n\n)

Prompt for generation

"分析：  \n观察图中的每一行和每一列，注意花盆的颜色、花的形状
和方向。  \n1. 第一行：花盆的颜色依次是斜线、黑色、空白。  \n2. 
第二行：花盆的颜色依次是黑色、空白、斜线。  \n3. 第三行：花盆
的颜色依次是空白、斜线，缺少黑色。  \n\n花的形状和方向在每一行
中也有变化。  \n- 第一行：花的形状和方向是心形、圆形、方形。  
\n- 第二行：花的形状和方向是圆形、方形、心形。  \n- 第三行：花
的形状和方向是方形、心形，缺少圆形。  \n\n因此，第三行第三列应
该是黑色花盆，圆形花。\n\n答案：A"
("Analysis: \nObserve each row and column in the image, focusing on 
the color of the flower pot, as well as the shape and orientation of the 
flower. \n1. First row: The flower pot colors are diagonal lines, black, 
and white. \n2. Second row: The flower pot colors are black, white, 
and diagonal lines. \n3. Third row: The flower pot colors are white, 
diagonal lines, with black missing. \n\nThe shape and orientation of 
the flowers also follow a pattern. \n- First row: The flower shapes and 
orientations are heart, circle, and square. \n- Second row: The flower 
shapes and orientations are circle, square, and heart. \n- Third row: 
The flower shapes and orientations are square, heart, with circle 
missing. \n\nThus, the missing element in the third row, third column 
should be a black flower pot with a circular flower.\n\nAnswer: A")

Generation from LLM

从所给四个选项中，选择最
合适的一个填入问号处，使
之呈现一定规律性。
(Select the most appropriate 
option from the given four 
choices to fill in the question 
mark, ensuring a consistent 
pattern.)

QuestionFile

A

Answer of LLM

A

Ground-Truth 
Answer

给你一个问题的参考答案和一个需要判断对错的回答，请你首先给
出思考过程分析回答的判断对错，最后给出分数。参考答案是完全
正确的，如果你认为回答与参考答案语义等价或结论一致即回答正
确，分数为1；否则，回答错误，分数为0。注意：请不要回答问题，
如果参考答案为选项或数字结果，回答必须答出对应选项或数字结
果才给分。请按照分析：{你的分析}\n\n分数：{你的分数}的格式
来回复。\n\n
(Given a reference answer and a response that needs to be 
evaluated for correctness, please first analyze the reasoning process 
and determine whether the response is correct.\n\nFinally, assign a 
score. The reference answer is entirely correct.\n\nIf you determine 
that the response is semantically equivalent to or reaches the same 
conclusion as the reference answer, it is considered correct, and the 
score is 1.\n\nOtherwise, it is incorrect, and the score is 0.\n\nNote: 
Do not answer the question itself. If the reference answer is an 
option or a numerical result, the response must explicitly match the 
corresponding option or numerical result to receive a 
score.\n\nPlease respond in the following format:\n\nAnalysis: 
{Your analysis}\n\nScore: {Your score}\n\n)

Prompt for evaluation

        GPT-4o

"分析：回答与参考答案相同，都是选
择了选项A。因为参考答案是完全正确
的，回答与参考答案语义等价且结论一
致，因此回答正确。\n\n分数：1"
("Analysis: The response matches the 
reference answer, both selecting option 
A. Since the reference answer is entirely 
correct and the response is semantically 
equivalent with the same conclusion, the 
response is correct.\n\nScore: 1")

GPT-4o evaluation

1.0
Score

Figure 6: The pipeline for task evaluation in C2RBench is illustrated using a task example. LLMs represent all the
models to be evaluated (see Table 2). The input to the LLM to be tested consists of the prompt for generation, file,
and question. The answer of the LLM is derived by extracting its generation. GPT-4o is used as the evaluation
model. The input to GPT-4o includes the prompt for evaluation, the answer of the LLM, and the ground truth
answer. Finally, the score for the evaluated reasoning task is derived by extracting GPT-4o evaluation results.

Model Performance across Different Subsets:356

Figure 7 compares the performance of MLLMs357

across the eight subsets of C2RBench. Currently,358

MLLMs still require further attention and improve-359

ment in areas such as mathematical reasoning and360

multimodal inference. Additionally, these mod-361

els perform relatively poorly on tasks that involve362

longer reasoning chains, suggesting that future ad-363

vancements in large models must prioritize enhanc-364

ing their multi-step reasoning capabilities.365

Model Performance across Different Complex-366

ity Levels: Figure 8 compares the performance367

of models across the three levels in C2RBench.368

Doubao-1.5-vision-pro-32k demonstrates signifi-369

cantly higher proficiency in Level 1, achieving an370

accuracy of 64.85%, while open-source models371

show relatively lower success rates. In Level 2,372

although the gap narrows, Doubao-1.5-vision-pro-373

32k still leads with a success rate of 57.55%. In374

Level 3, the performance differences among mod-375

els further decrease, indicating that as task com-376

plexity increases, the advantages of more advanced377

models, such as Doubao-1.5-vision-pro-32k and378

GPT-4o, diminish. This observation highlights cur-379

rent limitations of large language models in han-380

dling complex reasoning tasks. 381

MLLMs Performance on Multimodal Reason- 382

ing: Figure 9 presents the evaluation results of 383

MLLMs on the multimodal subset. The results 384

show that open-source models, such as Pixtral-12B, 385

have already surpassed closed-source state-of-the- 386

art models like GPT-4o in multimodal reasoning. 387

Furthermore, the performance gap among models 388

is relatively narrow, while overall accuracy remains 389

low. This underscores the substantial room for im- 390

provement in the multimodal, multi-step reasoning 391

capabilities of current MLLMs. 392

Text-only LLMs Performance on Logical Rea- 393

soning: Figure 10 presents the evaluation results 394

of text-only LLMs on the logical reasoning subset. 395

These results primarily target existing large reason- 396

ing models, where even the state-of-the-art models, 397

such as o1-preview and DeepSeek-R1, achieve an 398

accuracy of only 72.33% and 76.10%. These re- 399

sults underscore the significant challenges posed 400

by C2RBench in advanced logical reasoning tasks. 401

We further investigated DeepSeek-R1’s perfor- 402

mance through web interface testing, obtaining an 403

accuracy of 74.48% on the logical reasoning sub- 404

set. Detailed inference time analysis (Table 3) re- 405
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Figure 7: MLLMs’ performance across different subsets.
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Figure 8: MLLMs’ performance across different levels.

veals a positive correlation between reasoning time406

and problem difficulty level. Notably, incorrect407

responses consistently require longer processing408

time (mean = 285.83s) compared to correct solu-409

tions (mean = 100.69s), aligning with established410

findings in reasoning models (Huang et al., 2024a).411

This observed pattern highlights the critical chal-412

lenge of persistent reasoning loops in LLMs, sug-413

gesting that mitigating unproductive computational414

cycles represents a key direction for future research.415

Times (s) All Correct Wrong

Overall 147.26 100.69 285.83
Level 1 83.57 63.88 167.25
Level 2 132.49 91.98 281.00
Level 3 226.19 158.37 345.88

Table 3: Average reasoning time per task for DeepSeek-
R1 on the logical reasoning subset.

416

5 Analysis417

We further conducted an in-depth error analysis and418

case study to gain deeper insights into the factors419

underlying the evaluation results for reasoning.420

5.1 Error Analysis421

To systematically assess the limitations in model422

performance, we conducted an extensive error ty-423

Error Type Deepseek-R1 o1-preview GPT-4o Qwen2-VL-72B

Perception & Input 0.00% 0.00% 4.42% 3.17%
Knowledge & Comprehension 13.16% 18.92% 52.21% 52.88%
Logic & Reasoning 97.37% 97.73% 69.39% 65.56%
Task Execution 10.53% 0.00% 9.82% 13.40%
Refusal & Inability 0.00% 0.00% 1.96% 7.06%
Generation & Output 0.00% 2.27% 1.31% 2.74%

Table 4: Error type distribution across models. Please
note that one output of LLM may involve multiple types
of errors (e.g., both Knowledge & Comprehension and
Logic & Reasoning), resulting in column totals exceed-
ing 100%. It is important to note that DeepSeek-R1
and o1-preview were evaluated exclusively on the log-
ical subset, while GPT-4o and Qwen2-VL-72B were
assessed on the full C2RBench dataset.

pology analysis across four state-of-the-art LLMs. 424

The responses from each model were catego- 425

rized into six distinct error classes through a multi- 426

stage annotation process. (1) Perception & In- 427

put: Failures in processing multimodal inputs. (2) 428

Knowledge & Comprehension: Gaps in domain- 429

specific knowledge. (3) Logic & Reasoning: 430

Breakdowns in multi-step reasoning chains. (4) 431

Task Execution: Procedural errors in problem- 432

solving. (5) Refusal & Inability: Unwarranted 433

non-responses. (6) Generation & Output: Errors 434

in formatting or linguistic generation. Note: Indi- 435

vidual problems may exhibit multiple error types 436
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Figure 9: Results of MLLMs on the multimodal reasoning subset.
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Figure 10: Results of text-only LLMs on the logical reasoning subset.

simultaneously. Full definitions and prompt for437

error analysis are provided in Appendix A.2.438

Table 4 highlights two critical needs for LLMs in439

Chinese reasoning: improved cross-modal under-440

standing to resolve perceptual-input mismatches,441

and more efforts dedicated to multi-step reasoning.442

The persistent prevalence of logical errors (exceed-443

ing 65% across all LLMs) particularly underscores444

the urgency of addressing these challenges.445

5.2 Case Study446

Figure 13 presents a multimodal case from447

C2RBench, showcasing responses from four mod-448

els: two high-performing closed-source models,449

Doubao-1.5-Vision-Pro-32k and GPT-4o; and two450

high-performing open-source models, Qwen2-VL-451

72B and Llama-3.2-90B-Vision. This multimodal452

reasoning example effectively facilitates a compara-453

tive analysis of the performance differences among454

existing MLLMs.From the responses, it can be ob-455

served that the errors made by Qwen2-VL-72B456

and Llama-3.2-90B-Vision stem from insufficient457

fine-grained visual analysis capabilities.458

Figure 14 illustrates a logical reasoning example459

from C2RBench, showcasing responses from four460

models: one high-performing closed-source large461

reasoning model, o1-preview; one high-performing462

open-source large reasoning model, DeepSeek-R1; 463

Hunyuan-turbo-latest and GPT-4o. This example 464

highlights the differences in reasoning steps across 465

these models, revealing variations in their multi- 466

step reasoning capabilities. 467

6 Conclusion 468

In this paper, we have presented C2RBench, a 469

benchmark designed to evaluate the multi-step rea- 470

soning capabilities of LLMs in Chinese. C2RBench 471

consists of 1,115 tasks organized into eight distinct 472

subsets. These tasks are categorized into three diffi- 473

culty levels based on the number of steps involved. 474

The key highlights of C2RBench are its real-world 475

scenarios, extensive task coverage, and its focus on 476

Chinese. Our core contribution lies in providing 477

a comprehensive and challenging benchmark for 478

assessing LLMs’ performance on these complex, 479

multi-step tasks in Chinese. Experimental results 480

of 20 MLLMs and 16 text-only LLMs indicate that 481

C2RBench remains challenging for state-of-the-art 482

models. By systematically assessing complex rea- 483

soning across eight subsets, C2RBench establishes 484

a rigorous and comprehensive benchmark. 485

8



Limitation486

Although C2RBench is comprehensive, like any487

benchmark, it has its limitations. The manual cu-488

ration process may introduce biases, and its fo-489

cus on high-difficulty, multi-step reasoning prob-490

lems may not fully capture the capabilities required491

for LLMs. However, we believe strong bench-492

mark performance is essential for evaluating ad-493

vanced LLMs. The reasoning challenges posed by494

C2RBench are evident from the performance of495

20 MLLMs and 16 text-only LLMs. To balance496

complexity and practicality, the dataset includes497

multiple-choice, single-choice, calculation-based498

tasks, and concise open-ended questions.499
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A Appendix815

A.1 Prompts for Dataset Curation816

In Figure 11, we present a complete prompt ex-817

ample required to construct a Graph Analysis task818

using ChatGPT. The generated content is manu-819

ally reviewed each time to ensure its relevance and820

usability.821

A.2 Prompt for Error Analysis822

The GPT-4o-based error analysis prompt as fol-823

lows:824

You will be provided with: 1. A825

reference answer that follows826

standard reasoning steps. 2. A model827

-generated response containing828

errors.829

Your task is to analyze the errors,830

attribute them to their root causes,831

and classify them into an832

appropriate error type and subtype833

based on the following categories:834

1. **Perception & Input Errors** -835

Perceptual Error: Misinterprets836

visual or structured input (e.g.,837

tables, charts). - Input Parsing838

Error: Mishandles input format,839

structure, or symbols (e.g., JSON,840

XML).841

2. **Knowledge & Comprehension Errors**842

- Lack of Knowledge: Lacks necessary843

domain knowledge. - Factual Error:844

Provides incorrect or hallucinated845

facts. - Misinterpretation of846

Question Intent: Misunderstands task847

requirements.848

3. **Logical & Reasoning Errors** -849

Logical Reasoning Error: Produces850

inconsistent or invalid reasoning. -851

Inductive Reasoning Error:852

Incorrectly generalizes from853

specific cases. - Deductive854

Reasoning Error: Misapplies general855

rules to specific instances. - Long-856

range Dependency Error: Fails to857

maintain key context across858

reasoning steps. - Hypothesis859

Generation Error: Assumes860

unsupported premises. - Causal861

Reasoning Error: Misidentifies cause862

-effect relationships. - Analytical863

Reasoning Error: Struggles with864

multi-step analysis (e.g., 865

mathematical proofs). 866

4. **Task Execution Errors** - 867

Arithmetic Error: Makes numerical 868

miscalculations. - Constraint 869

Violation Error: Ignores explicit 870

constraints (e.g., word limits, 871

formatting). - Planning & Omission 872

Error: Skips necessary reasoning 873

steps or lacks structural coherence. 874

5. **Refusal & Inability Errors** - 875

Overly Conservative Refusal: 876

Unjustified refusal despite 877

sufficient information. - Failure to 878

Answer: States inability to respond 879

when reasoning is possible. - Model 880

Breakdown: Produces irrelevant, 881

incoherent, or nonsensical output. 882

6. **Generation & Output Errors** - 883

Grammar & Syntax Error: Contains 884

grammatical or syntactical mistakes. 885

- Disorganized Response: Presents 886

information in a confusing manner. - 887

Hallucination Error: Generates non- 888

existent or fabricated content. - 889

Redundancy & Repetition Error: 890

Repeats content excessively. - 891

Ambiguous Response: Provides vague 892

or unclear answers. 893

**Response Format**: 894

- Analysis: {Detailed analysis of the 895

errors, including their root causes} 896

- Error Type: {Main error category} 897

- Error Subtype: {Specific error subtype 898

} 899

A.3 Examples 900

In this subsection, we present C2RBench examples 901

from each subset (see Figure 12). Additionally, for 902

the logical (see Figure 13) and multimodal (see Fig- 903

ure 14) subsets, we show responses sampled from 904

four models, with green text representing correct 905

answers and red text representing incorrect ones. 906
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根据[Technology and the Internet]这个主题，生成[2]个有逻辑上的关联的csv格式数据。根据主题和数据生成标题，将其放在标记“[title]”之后。数据中包
含的信息可以根据需要进行扩展和调整，以适应[柱状图]的类型。图表主题是[Technology and the Internet]。每个数据点的差异不应太大。数据的每一行
代表一个类别的不同方面。(Generate two logically related CSV data points based on the theme of [Technology and the Internet]. Create a title based on the 
theme and the data, and place it after the tag “[title]”. The information contained in the data can be expanded or adjusted as needed to fit the type of [bar chart]. The 
chart’s theme is [Technology and the Internet]. The differences between each data point should not be too large. Each row of the data represents different aspects of 
a particular category.)

Prompt for data source construction

假设您是专业的Python图形学家。请使用python根据以下数据绘制并保存图表，图像必须清晰直观。代码不应有额外的缩进。将给定数据转换为三个变
量：data_labels、数据line_labels。Data_labels表示除第一列之外的每一列的标签。Line_labels表示除第一行之外的每一行的标签。数据表示数据中的数
值数组。使用[柱状图]类型绘制数据。[绘制所选图表类型的基本设置。[绘制代码的具体设置，以增加多样性。图像必须另存为[path_to_save].png。清
除代码末尾的当前图像状态。在savefig()之前按tight_layout()自动调整图像大小。图的标题应为[生成的图表标题]。如果图片中的字符串太长，请找到
一种让所有字符都显示的方法，而不是被覆盖和堆叠在一起。生成的代码的开头和结尾不要有多余的前导词，例如“python code、python、"”等。检
查生成的代码以确保它不会报告错误，不包含未定义的函数。数据文件如下：(Assume you are a professional Python graphics expert. Please use Python to 
plot and save the chart based on the following data. The image must be clear and intuitive. The code should not have unnecessary indentation. Convert the given 
data into three variables: data_labels, line_labels. Data_labels represents the labels for each column except the first one. Line_labels represents the labels for each 
row except the first one. The data represents the array of values in the dataset. Plot the data using the [bar chart] type. [Plot the basic settings for the selected chart 
type.] [Specific settings for the plot code to add variety.] The image must be saved as [path_to_save].png. Clear the current image state at the end of the code. 
Automatically adjust the image size with tight_layout() before calling savefig(). The chart title should be [Generated Chart Title]. If the strings in the image are too 
long, find a way to display all characters without them being covered or stacked together. The generated code should not contain unnecessary leading words at the 
beginning and end, such as "python code", "python", etc. Check the generated code to ensure it will not report errors or contain undefined functions. The data file is 
as follows:)

Prompt for generating graph image files

根据输入的具有给定标题和图表类型的csv数据，设计一个从两个图表中的信息才能够得到答案的hard难度的问答对，可以直接通过数据回答。每个答
案不应包含任何提示、解释或注释等。答案应当是唯一的。并写出推理得到答案的过程链。(Design a hard-level question-answer pair based on the input 
CSV data with a given title and chart type, where the answer can only be obtained by combining information from both charts. The answer should be directly 
derived from the data. Each answer should not contain any hints, explanations, or comments. The answer must be unique. Also, provide the reasoning process chain 
that leads to the answer.)

Prompt for generating QA

Figure 11: Example prompts for constructing a Graph Analysis task using ChatGPT.

Question: 
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 morf noitpo etairporppa tsom eht tceleS(。性律规定一现呈之使

，处号问入填个一的适合最择选，中项选个四给所从
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 morf roolf tsehgih eht enimreted ot si laog eht ,sgge owt neviG(
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 dna sag ainomma fo noitcelloC .B
  ₂)HO(eF erup fo noitaraperP .A

D :rewsna laniF
?tcerroc si snoitarepo

 tnemirepxe lacimehc cisab eht fo hcihw ,erugif eht ni nwohs sA
？个一哪是的确正作操本基的验实学化于关，示所图如:noitseuQ

Question:

5.31.44.48.39.43gnihtolC 装服

5.39.47.42.41.33erutinruF 具家

339.32.38.32.4secnailppA dlohesuoH器电用家

8.39.355.342.4stcudorP cinortcelE 品产子电

nuJ 月六yaM 月五rpA 月四raM 月三beF 月二naJ 月一yrogetaC 别类

erocS noitcafsitaS remotsuC 分评度意满户客

021731251991681171gnihtolC 装服

951921121781281411erutinruF 具家

361781201471021291secnailppA dlohesuoH器电用家

101101321471061151stcudorP cinortcelE 品产子电

nuJ 月六yaM 月五rpA 月四raM 月三beF 月二naJ 月一yrogetaC 别类

emuloV selaS ylhtnoM 量数售销月

xslx.b20060

xslx.a20060

8 :spets fo rebmuN ;2  :leveL

gnissecorP eliF

 

 hcraM 月三 :rewsna laniF
)?emulov selas tsehgih eht eveihca gnitar noitcafsitas

 remotsuc egareva tsehgih eht htiw tcudorp eht did htnom hcihw nI(
？的多最是量售销的份月几在品产的高最分评度意满户客均平

01 :spets fo rebmuN ;3  :leveL

egdelwonK lareneG

3 :rewsna laniF
)?0391 fo krow

 gninniw-erutaretiL ni ezirP leboN eht ni denoitnem sretcarahc
 niam eht fo eno fo eman eht dna 9291 fo krow gninniw

-erutaretiL ni ezirP leboN eht ni denoitnem retcarahc niam
 eht fo eman eht neewteb srettel fo rebmun eht ni ecnereffid eht
 si tahW(？少多是差之量数母字的字名的一之物人要主的到提

中品作奖获的主得奖学文尔贝诺年0391与量数母字的字名的物
人要主的到提中品作奖获的主得奖学文尔贝诺年9291 :noitseuQ

5 :spets fo rebmuN ;1  :leveL

gnidaeR

).looP edaJ eht drawot yltfiws dedeecorp neht eH .latrommI tooferaB
 eht fo mrof eht otni flesmih demrofsnart dna ,noitatnacni na deticer ,duolc a detnuom egaS taerG

 eht ,taht htiW(。池瑶奔前，样模仙大脚赤做变就，变一身摇，语咒声念，云着驾圣大
)".detivni eb ot ma I rehtehw eriuqni dna og I elihw ,won rof ereh yatS .uoy emalb ton od

 I dna ,elbanosaer si tahT" ,dekramer egaS taerG ehT ".eno siht rof stnemegnarra eht tuoba erusnu
 ma I tub ,sgnirehtag suoiverp ni motsuc eht saw sihT" ,dednopser yriaf ehT "?tseug deronoh

 na sa em etivni ot gnittif eb ton ti dluoW .nevaeH ot lauqE egaS taerG eht ma I" ,dias egaS
 taerG ehT ".noitativni na hcus fo draeh ton evah I" ,deilper yriaf ehT "?detivni I mA" ,deksa dna
 delims egaS taerG ehT(”。请不孙老请可看，息消个听打去先孙老待，下立且你。等汝怪难

，是也言此“：道圣大”。何如知不会今，规旧会上是此“：道女仙”？可不何有，尊席个做
孙老我请就，圣大天齐乃我“：道圣大”。说得听曾不“：道女仙”？么我请可“：道笑圣大

:)txet eht morf tprecxE( 段片选节
).noitamrofni rehtag ot dna dezingocer

 gnieb diova oT(。息消探打便方，破识被不了为 :rewsna laniF
)?teuqnaB hcaeP eht ta latrommI tooferaB eht sa flesmih esiugsid egaS

 taerG eht did yhW(？仙大脚赤扮假何为上会桃蟠在圣大:noitseuQ

Figure 12: Sampled C2RBench examples from each subset.
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"Question":"从所给四个选项中，选择最合适的一个填入问号处，使之呈现一定规律性。",
（"Select the most appropriate option from the given four choices to fill in the question mark, ensuring a consistent pattern."）
"Label": "Multimodal", "Level": "2", "Final answer": "A",
"Steps": "1.观察题目，本题考察图形轮换规律。\n2.观察每行的各个图形的元素（包括形状、花纹、黑白）在下一行中都
重复出现。\n3.分析“？”处的图形特征：\n4.花盆应为黑色正方形，排除C、D项；\n5.花茎上应带有月牙形状；\n6.花朵应为
圆形。\n7.因此，本题正确答案为A选项。",
（"1.Observe the problem. This question assesses the pattern of graphical rotation.\n2.Observe that the elements of each 
shape in a row (including shape, pattern, and color) reappear in the next row.\n3.Analyze the characteristics of the shape at 
the "?" position:\n4.The flowerpot should be a black square, eliminating options C and D;\n5.The stem should feature a 
crescent shape；\n6.The flower should be circular.\n7.Therefore, the correct answer is option A."）

"Number of steps": "7" Qwen2-VL-72B

分析：这是一道图形推理题。...
第一行的图形依次顺时针旋转
90度，并且颜色交替变化。...
根据这个规律，第三行的最后
一个图形应该是黑色的，并且
是顺时针旋转90度后的形状。
\n\n答案：A

（Analysis: This is a figure 
reasoning question. ... The 
shapes in the first row rotate 90 
degrees clockwise sequentially, 
with alternating colors. ... 
Therefore, the third row should 
also adhere to this rule. Based 
on this pattern, the last shape 
in the third row should be 
black and rotated 90 degrees 
clockwise.\n\nAnswer: A）

Doubao-1.5-vision-pro-32k
1. 首先观察图形特征：... 遍历的规律是每行要出
现相同的元素。\n2. 然后具体分析每行元素：... 
\n3. 最后看选项：.... \n\n分析：通过对每行图形
的花盆形状、植物方向和植物顶端形状进行遍历
分析，发现第三行缺少黑色梯形花盆、向左方向
的植物和圆形顶端的植物，A选项符合这些特征。
\n答案：A
（1. First, observe the graphical features: ... The 
pattern of traversal requires that the same 
elements appear in each row.\n2.Next, analyze 
the elements in each row: ...\n3. Finally, examine 
the options:... \n\nAnalysis: Through a thorough 
analysis of the pot shapes, plant orientations, and 
plant top shapes in each row, it is evident that the 
third row is missing a black trapezoid pot, a left-
oriented plant, and a plant with a round top. 
Option A satisfies these missing 
elements.\nAnswer: A）

GPT-4o
分析：  \n观察图中的每
一行和每一列，注意花盆
的颜色、花的形状和方
向。...  \n\n因此，第三行
第三列应该是黑色花盆，
圆形花。\n\n答案：A

（Analysis: \nObserve 
each row and column in 
the image, focusing on the 
color of the flower pot, as 
well as the shape and 
orientation of the 
flower.  ... \n\nThus, the 
missing element in the 
third row, third column 
should be a black flower 
pot with a circular 
flower.\n\nAnswer: A）

Llama-3.2-90B-Vision
分析：... 图形的颜色有黑色和白色
两种。图形的形状有两种：一种是
正方形在上，三角形在下；另一种
是三角形在上，正方形在下。...根
据这些规律，可以推断出问号处的
图形应该是黑色三角形在上，白色
正方形在下。\n\n答案：D
（Analysis:  ... The shapes come in 
two colors: black and white. There 
are two possible arrangements of 
the shapes: one with the square on 
top and the triangle on the bottom, 
and the other with the triangle on 
top and the square on the bottom. ... 
Based on these patterns, it can be 
deduced that the shape at the 
question mark should be a black 
triangle on top with a white square 
at the bottom.\n\nAnswer: D）

Figure 13: An example from the Multimodal subset. Correct analyses are highlighted in green, while errors are
marked in red.

"Question": "在一天的24小时之中，时钟的时针、分针和秒针完全重合在一起有几次，分别是什么时间？",
("In a 24-hour day, how many times do the hour, minute, and second hands of a clock coincide completely, and at what times?")
"Label": "Logical", "Level": "3", "Final answer": "Twice, at 12:00 and 00:00.", "File_name": "",
"Steps": "1. 问题陈述... \n2. 确定角速度... \n3. 分针与时针重合的计算... \n4. 时间换算... \n5. 秒针重合验证... \n6. 三针重合条件：\n 三针重合的唯一时间
是在正12点和0点。\n7. 数学证明：... \n8. 计算重合时间：... \n9. 最小公倍数：... 最小公倍数为 11 * 719。\n 重合时间间隔为 11 * 719 * \\(\\Delta\\)(即12
小时)。\n10. 首次重合：\n  三针在 t = 0 时重合。\n11. 下一次重合：\n  下一次重合时间：\\( t = 12 \\)小时。\n12. 结论：\n  在24小时内，时针、分针和
秒针完全重合的时间只有两次：12点和0点。"
("1. Problem statement... \n2. Determine angular velocities ... \n3. Compute the coincidence of the minute and hour hands ... \n4. Convert time units ... \n5. 
Verify second-hand alignment ... \n 6. Condition for complete overlap:\n   - The only times when all three hands coincide are exactly at 12:00 and 00:00.\n7. 
Mathematical proof：... \n8. Compute the coincidence time：... \n9. Least common multiple：... The coincidence interval is \\( 11 \\times 719 \\times \\Delta 
\\) (i.e., 12 hours).。First coincidence:\n   - The three hands coincide at \\( t = 0 \\).\n11. Next coincidence:\n   - The next coincidence occurs at \\( t = 12 \\) 
hours.\n12. Conclusion:\n   - In a 24-hour period, the hour, minute, and second hands coincide completely only twice: at 12:00 and 00:00.", ")

o1-preview
分析：\n时钟的时针、分针和秒针完
全重合的时刻，是当它们同时指向12
的位置。... 尽管它们的速度不同，但
每12小时都会同时回到12的位置。因
此，在24小时内，它们会在凌晨
12:00:00和中午12:00:00各重合一次。
\n\n答案：\n一共2次，分别在凌晨
12:00:00和中午12:00:00时刻。
(Analysis: \nThe moment when the 
hour, minute, and second hands of a 
clock completely coincide occurs 
when all three hands point to the 12 
o’clock position simultaneously. ... 
Despite their differing speeds, all 
three hands align at the 12 o’clock 
position every 12 hours. Therefore, 
within a 24-hour period, they coincide 
twice: once at 12:00:00 AM and again 
at 12:00:00 PM.\n\nAnswer: \nA total 
of two times, specifically at 12:00:00 
AM and 12:00:00 PM.)

DeepSeek-R1
分析：在24小时内，时针和分针每12小时重合
11次，但加入秒针后，只有当秒针也同时指向
同一位置时才会三针重合。由于分针和时针的
重合时间点并非整秒数（如约1小时5分27秒），
此时秒针位置无法与分针、时针同步。只有12
点整和0点整时，三个指针完全重合。24小时
内，0点和12点各出现一次，共两次。\n\n答
案：两次，分别是0时0分0秒和12时0分0秒。
(Analysis: Within 24 hours, the hour hand and 
minute hand overlap 11 times every 12 hours. 
However, with the addition of the second hand, 
the three hands only coincide when the second 
hand also points to the same position. Since the 
overlap time of the minute hand and hour 
hand is not an exact second (for example, 
around 1 hour, 5 minutes, and 27 seconds), the 
second hand cannot synchronize with the 
positions of the minute and hour hands at this 
moment. The three hands only coincide exactly 
at 12:00:00 and 0:00:00. Therefore, within 24 
hours, this happens twice—once at 0:00:00 
and once at 12:00:00.\n\nAnswer: Twice, at 
0:00:00 and 12:00:00.)

Hunyuan-turbo-latest
分析：... 要使时针、分针和秒针完
全重合，需要在分针和时针重合的
时刻，秒针也恰好在 12 点位置。... 
一天 24 小时中，时针、分针和秒
针完全重合在一起只有两次，分别
是 0 点 0 分 0 秒和 12 点 0 分 0 秒。
\n\n答案：两次，分别是 0 点 0 分 0 
秒和 12 点 0 分 0 秒。
(Analysis: ... For all three hands to 
coincide, the second hand must also 
be at the 12 o’clock position at the 
exact moment when the minute and 
hour hands overlap. ... it is 
determined that within a 24-hour 
period, the hour, minute, and 
second hands align perfectly only 
twice: at 12:00:00 AM and 12:00:00 
PM.\n\nAnswer: Twice, at 12:00:00 
AM and 12:00:00 PM.)

GPT-4o
分析：...因为时针每12小时转一圈，
分针每小时转一圈，秒针每分钟转
一圈，所以它们在每个整点时刻重
合。一天有24小时，因此它们会重
合24次。\n\n答案：24次，分别是
每个整点时刻(例如：0:00:00, 
1:00:00, 2:00:00, ..., 23:00:00)
(Since the hour hand completes 
one full revolution every 12 hours, 
the minute hand every hour, and 
the second hand every minute, 
they align precisely at the 
beginning of each hour. Given that 
there are 24 hours in a day, this 
alignment occurs 24 
times.\n\nAnswer: 24 times, 
occurring at the start of each hour 
(e.g., 0:00:00, 1:00:00, 2:00:00, ..., 
23:00:00).)

Figure 14: An example from the Logical subset. Correct analyses are highlighted in green, while errors are marked
in red.
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