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Abstract001

While Large Language Models (LLMs) have002
demonstrated advanced reasoning capabili-003
ties, their comprehensive evaluation in general004
Chinese-language contexts remains understud-005
ied. To bridge this gap, we propose Chinese006
Commonsense Multi-hOp Reasoning (CC-007
MOR), a novel benchmark designed to evaluate008
LLMs’ ability to integrate Chinese-specific fac-009
tual knowledge with multi-step logical reason-010
ing. Specifically, we first construct a domain-011
balanced seed set from existing QA datasets,012
then develop an LLM-powered pipeline to gen-013
erate multi-hop questions anchored on factual014
unit chains. To ensure the quality of result-015
ing dataset, we implement a human-in-the-loop016
verification system, where domain experts sys-017
tematically validate and refine the generated018
questions. Using CCMOR, we evaluate state-019
of-the-art LLMs, demonstrating persistent lim-020
itations in LLMs’ ability to process long-tail021
knowledge and execute knowledge-intensive022
reasoning. Notably, retrieval-augmented gener-023
ation substantially mitigates these knowledge024
gaps, yielding significant performance gains.025
The dataset will be released upon acceptance.026

1 Introduction027

Recent advances in large language models (LLMs)028

have demonstrated exceptional reasoning capa-029

bilities, as exemplified by models like OpenAI-030

o1 (Jaech et al., 2024), DeepSeek-R1 (Guo et al.,031

2025), Kimi k1.5 (Team et al., 2025), Qwen-032

QwQ (Team, 2025). These specialized models033

have achieved significant breakthroughs in com-034

plex tasks such as scientific reasoning, program-035

ming, mathematical problem-solving and so on.036

However, their reasoning performance in general037

Chinese-language scenarios remains understudied,038

creating a critical research gap.039

Multi-hop reasoning, which requires integrating040

and synthesizing information from multiple sources041

to conclude, is a crucial aspect of advanced reason- 042

ing skills in the general scenarios (Welbl et al., 043

2018). Existing datasets for evaluating multi-hop 044

reasoning, e.g., HotpotQA (Yang et al., 2018), Wik- 045

iHop (Welbl et al., 2018), DROP (Dua et al., 2019), 046

mainly focus on the English language, leaving a sig- 047

nificant resource gap for evaluating Chinese LLMs 048

on the reasoning skill. 049

Unfortunately, constructing a high-quality Chi- 050

nese multi-hop reasoning dataset faces several chal- 051

lenges: 1) Cultural Relevance: The dataset needs 052

to be rooted in Chinese cultural knowledge, id- 053

ioms, and logical reasoning patterns, which differ 054

from the widely used English datasets. 2) Breadth 055

of Knowledge: Covering a diverse range of do- 056

mains within the vast scope of Chinese culture and 057

knowledge is crucial for comprehensively evalu- 058

ating the reasoning abilities. 3) Reasoning over 059

Memorization: The dataset should prioritize tasks 060

requiring reasoning over simple memorization. 4) 061

Quality Assurance: Ensuring the accuracy, con- 062

sistency, and clarity of question-answer pairs de- 063

mands accurate design and rigorous quality control 064

measures specifically tailored to the nuances of the 065

Chinese language. 066

To bridge this gap, we propose Chinese 067

Commonsense Multi-hOp Reasoning (CCMOR), a 068

novel benchmark designed to evaluate LLMs’ abil- 069

ity to integrate Chinese-specific factual knowledge 070

with multi-step logical reasoning. Partially inspired 071

by MoreHopQA (Schnitzler et al., 2024), we lever- 072

age existing QA datasets to build a balanced seed 073

set, and then develop an LLM-powered pipeline 074

to generate multi-hop questions anchored on fac- 075

tual unit chains. To ensure the quality of resulting 076

dataset, we employ human-in-the-loop verification 077

to validate and refine the generated questions. 078

Our contributions are summarized as follows: 079

• We introduce a novel benchmark CCMOR for 080

evaluating the ability of LLMs in Chinese Com- 081
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 : Who is the President of the USA? Q1

 : USAA0

 : Donald TrumpA1

 :  In which year was Donald Trump born?Q2

 : 1946A2 …

： In which year was the 
President of the USA born?
Q

Global Answer Uniqueness 
Sequential Consistency 

Harmlessness

: … the present of  …?Q

 : … the 47th present of  …?Q

Figure 1: An overview of the data construction process. Examples are provided in English for readability.

monsense Multi-Hop Reasoning.082

• Experimental results on state-of-the-art LLMs083

demonstrate persistent limitations in LLMs’084

ability to process long-tail knowledge and exe-085

cute knowledge-intensive reasoning.086

• Further analysis suggests that domains requir-087

ing procedural or abstract reasoning are more088

challenging for LLMs, while LLMs with delib-089

erate thinking are more capable of solving multi-090

hop questions. Notably, retrieval-augmented091

generation can mitigate the knowledge gaps and092

improve performance significantly.093

2 Chinese Commonsense Multi-Hop094

Reasoning Dataset095

2.1 Overview096

We introduce the Chinese Commonsense Multi-097

Hop Reasoning Benchmark (CCMOR), filling the098

gap in benchmarks for evaluating multi-step reason-099

ing capabilities of LLMs in Chinese. Our bench-100

mark systematically assesses both factual recall and101

multi-hop inferential reasoning. Building upon ex-102

isting Chinese commonsense QA datasets, we con-103

struct a domain-balanced seed set and develop an104

LLM-driven expansion pipeline to generate multi-105

hop questions anchored on fact chains. To ensure106

both factual accuracy and reasoning coherence, the107

pipeline integrates automatic validation by LLMs108

with expert human verification. Figure 1 illustrates109

the overall data construction process. The result-110

ing dataset covers a wide range of domains and111

features verifiable multi-hop reasoning paths, pro-112

viding a comprehensive resource to evaluate how113

LLMs memorize, inference, and reasoning within 114

Chinese commonsense scenarios. 115

2.2 Dataset Construction 116

Seed Data Sampling We sample seed instances 117

from existing Chinese factual QA datasets, includ- 118

ing Chinese SimpleQA (He et al., 2024), CHARM- 119

Memorization (Sun et al., 2024), and others. Fol- 120

lowing the taxonomy of the Chinese SimpleQA 121

dataset, we prompt LLM to reclassify all seed ques- 122

tions into six primary domains: Chinese Culture, 123

Humanities, Engineering and Technology, Life and 124

Arts, Society, and Natural Science. To ensure do- 125

main representativeness, we maintain a balanced 126

distribution across categories during sampling. 127

To improve data quality and enable multi-hop 128

expansion, we employ multiple LLMs to assess the 129

correctness and clarity of each QA pair. Specifi- 130

cally, the models verify whether a question is logi- 131

cally well-formed and unambiguous, and whether 132

its answer aligns with up-to-date factual knowl- 133

edge. To support structured multi-hop reasoning, 134

we further ensure that each answer corresponds 135

to a well-defined factual unit (e.g., a person, lo- 136

cation, date and so on). This approach facilitates 137

systematic expansion in subsequent stages. 138

Sub-question Generation Given a seed QA pair 139

(q01, a
0
1), we treat the answer a01 as the anchor fact 140

for constructing follow-up questions. At each layer 141

ℓ ∈ [1, N ], where N is a predefined maximum 142

depth, we prompt an LLM to generate n new QA 143

pairs for each (qℓ−1
i , aℓ−1

i ) ∈ QAℓ−1, based on the 144

anchor fact aℓ−1
i : 145
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, Accepted Sub-questions / Rejected Sub-questions

Q:新中国是在哪一年成立的？
In which year was the People’s Republic of China
founded?
[Concrete and specific]

Q:新中国是什么时候成立的？
When did the People’s Republic of China founded?

[Vague instruction]

Q:日本的首都是哪座城市？
What is the capital city of Japan?
[Objective and verifiable]

Q:你认为日本最好的城市是哪一个？
Which city in Japan do you think is the best?
[Subjective and unverifiable]

Q:第四十七任届美国总统是谁？
Who is the 47th president of the United States?
[Specific and temporally stable]

Q:现任美国总统是谁？
Who is the current president of the United States?
[Temporally unstable and context-dependent]

Table 1: Examples of accepted and rejected sub-questions based on our quality criteria.

QAℓ =
⋃

i∈QAℓ−1

{(qℓi,1, aℓi,1), . . . , (qℓi,n, aℓi,n)}.

(1)146

To promote diversity and reduce model-specific147

bias, different LLMs are alternated across layers.148

This recursive expansion yields a tree-structured set149

{QA1, . . . ,QAN}, where each node corresponds150

to an answer, and each directed edge represents a151

question that connects an answer to its follow-up.152

A complete path from the root to a leaf forms a co-153

herent multi-hop question, with each hop grounded154

in a preceding factual answer.155

LLM-Based Verification For each generated156

sub-question, we employ LLMs to assess its quality157

and determine whether to retain the corresponding158

node for further expansion.159

Unlike traditional QA datasets (He et al., 2024)160

that assume a single ground-truth answer per ques-161

tion, we do not enforce the uniqueness of the an-162

swers at the sub-question level. Instead, the an-163

swer of each sub-question is concrete, countable,164

and verifiable. For sub-questions with multiple165

valid answers, we retain all plausible answers, but166

only one is selected for further expansion. Table 1167

presents examples of some accepted and rejected168

sub-questions. Specilfically, the LLM-Based verifi-169

cation based on the following criteria：170

• Answerability and Verifiability: The sub-171

question must admit a concrete and finite set172

of plausible answers that can be independently173

verified, regardless of whether a single answer174

is enforced.175

• Specificity and Determinacy: The sub-176

question should clearly target a specific fact177

or relation, avoiding vague references or am-178

biguous phrasing.179

• Temporal and Factual Stability: The answer 180

must reflect an objective, time-invariant fact 181

that does not depend on evolving context or 182

subjective interpretation. 183

Multi-Hop Question Composition After filter- 184

ing invalid reasoning paths, we prompt the LLM to 185

compose a coherent multi-hop question from each 186

valid fact chain. Table 2 provides an example of 187

composing multi-hop question. Specifically, the 188

model replaces intermediate facts with appropriate 189

referential expressions to ensure fluency and main- 190

tain a natural narrative flow across reasoning steps. 191

The final question must contain only one explicit 192

interrogative, while earlier sub-questions should be 193

embedded implicitly within the contextual descrip- 194

tion. The question should not reveal the answers to 195

any intermediate steps, and all sub-parts must be 196

logically connected through referential or causal 197

relations to form a coherent reasoning chain. To 198

enhance the naturalness and readability of the com- 199

posed question, appropriate contextual information 200

is added as needed. When any sub-question admits 201

multiple valid reasoning trajectoies, we introduce 202

additional constraints to disambiguate the reason- 203

ing path and ensure that the multi-hop question 204

yields a concrete and unique final answer. 205

2.3 Quality Control 206

We adopt a human-in-the-loop annotation process 207

to ensure factual accuracy and reasoning quality, 208

complementing LLM-based verification. Profes- 209

sional annotators are involved throughout the data 210

construction pipeline, including seed validation, 211

sub-question generation, and especially multi-hop 212

question composition. Each instance is indepen- 213

dently reviewed by two annotators, with disagree- 214

ments resolved by a third. Annotators are pro- 215

vided with the complete data source, including 216

sub-questions, answers, LLM justifications, and 217
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Seed Anchor: 普京 (Putin) Composed Multi-hop Question

Q1 :普京于哪一年首次当选俄罗斯总统？
In which year did Putin first become President of Russia?
A1 : 2000

Q2 :哪一位科学家获得了2000年诺贝尔物理学奖？
Who won the Nobel Prize in Physics in 2000?
A2 :阿尔费罗夫 /克勒默 /基尔比 (Alferov / Kroemer
/ Kilby)

Q3 :阿尔费罗夫逝世于哪一年？
In which year did Alferov pass away?
A3 : 2019

LLM composition:
普京首次当选俄罗斯总统的年份是哪一年，同年哪一位科
学家获得了诺贝尔物理学奖，其逝世年份是哪一年？
When did Putin first become President of Russia, who won the
Nobel Prize in Physics in the same year, and when did he pass
away?

Human annotation:
普京首次当选俄罗斯总统的那一年，一位科学家获得了诺
贝尔物理学奖。这位俄罗斯籍科学家逝世于哪一年？
In the year Putin was first elected President of Russia, a scientist
won the Nobel Prize in Physics, in which year did this Russian
scientist pass away?

Table 2: An example of composing a multi-hop question from a chain of sub-questions, based on the seed entity “普
京 (Putin)”. Red indicates inappropriate wording, while Blue denotes suitable revisions.

Statistics 3-Hops 6-Hops

Initial Samples 1000 1000
# LLM-Generated Subquestions 1563 1164
# Composed Multihop Sample 521 194
# After Human Annotation 480 166
Avg. # Subquestion Length 16.73 18.17
Avg. # Subquestion Answer Length 5.32 6.62
Avg. # Whole Question Length 39.19 68.51
Avg. # Whole Answer Length 4.85 6.48
Avg. # Domain Coverage 1.65 2.26

Table 3: Overall statistics of CCMOR.

final composed questions. They are instructed to218

verify all facts against authoritative sources (e.g.,219

Wikipedia, Baidu Baike). Each instance is evalu-220

ated based on the following criteria: (1) Global an-221

swer uniqueness： the reasoning chain must con-222

verge to a unique, concrete, and verifiable answer;223

(2) Sequential consistency： the steps must re-224

flect genuine multi-hop inference without shortcuts225

or redundancy; (3) Harmlessness： all content226

must be free from harmful information or social227

bias. Instances that do not meet these criteria are228

either revised or discarded. The final dataset has229

undergone LLM verification and human validation,230

supported by authoritative evidence sources.231

2.4 Dataset Statistics232

Table 3 details the construction and key proper-233

ties of our multi-hop QA dataset. All samples un-234

dergo multiple rounds of rigorous filtering, includ-235

ing LLM-based verification and human annotation,236

ensuring high quality and reliability. Unlike typi-237

cal common-sense datasets, each question in our238

collection often spans multiple domains, with 6-239

hop questions averaging 2.26 domains, enabling a240

assessment of cross-domain reasoning capabilities.241

Importantly, our dataset explicitly provides inter- 242

mediate sub-questions and answers, allowing for 243

fine-grained supervision of the reasoning process 244

rather than merely evaluating final answers. This 245

design not only enhances interpretability, but also 246

enables targeted training and diagnosis of inter- 247

mediate reasoning failures. Moreover, many sub- 248

questions admit multiple plausible answers, requir- 249

ing models to perform reasoning with backtracking 250

to identify the correct path. These characteristics 251

make our dataset a comprehensive benchmark for 252

evaluating multi-step inference and traceable rea- 253

soning in large language models. 254

3 Experiments 255

3.1 Evaluated Models 256

We evaluate a variety of mainstream large language 257

models, categorized into two groups based on their 258

reasoning paradigms: System-1-style and System-2- 259

style models. 260

System-1-style models rely on short chain-of- 261

thought reasoning, favoring fast, intuitive, and 262

heuristic-driven response. They typically produce 263

concise answers with minimal intermediate rea- 264

soning steps. Representative models in this cate- 265

gory include the Qwen2.5 (Team, 2024), Qwen3, 266

and LLaMA (AI@Meta, 2024) series, among other 267

widely used LLMs (DeepSeek-AI et al., 2025; 268

Wake et al., 2025; Lin et al., 2024; Google, 2025). 269

In contrast, recently emerging System-2-style 270

models such as DeepSeek-R1 (Guo et al., 2025), 271

OpenAI-o1 (Jaech et al., 2024), and Qwen- 272

QwQ (Team, 2025) adopt long chain-of-thought 273

reasoning, characterized by more deliberate and 274

structured analytical processes. This reasoning 275

paradigm aligns with the principles of System 2 276
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Models
1-Hop 3-Hops 6-Hops

Avg.OA SQA OA SQA OA
Rouge-L LLM-Judge Rouge-L LLM-Judge Rouge-L LLM-Judge Rouge-L LLM-Judge Rouge-L LLM-Judge

System-1-Style Models

Qwen2.5-14B-Instruct 53.91 41.22 62.69 55.95 44.93 29.02 63.65 57.84 39.32 25.83 32.02
Qwen2.5-32B-Instruct 56.68 43.98 66.18 62.63 50.74 41.22 67.32 60.38 41.18 30.46 38.55
Qwen2.5-72B-Instruct 64.19 54.44 72.76 67.06 60.23 48.96 75.14 68.40 55.00 43.71 49.04
Qwen3-14B 57.26 46.15 65.73 63.31 50.91 41.37 66.38 60.51 31.93 21.85 36.46
Qwen3-32B 61.69 46.75 67.20 63.39 52.17 43.15 69.97 63.87 39.58 27.15 39.02
Qwen3-30A3B 54.27 44.18 61.83 57.19 37.60 21.13 65.42 60.88 30.16 17.88 27.73
Qwen3-235A22B 66.28 61.74 74.12 72.46 60.09 51.19 76.43 74.56 48.15 41.33 51.42
Yi-lightning 69.63 67.85 76.97 76.10 65.90 61.01 80.50 79.42 62.44 54.30 61.05
Moonshot-v1 62.47 55.34 76.39 72.45 52.69 36.76 78.08 74.03 45.79 31.79 41.30
Baichuan4-Turbo 63.09 68.05 73.03 80.49 55.56 43.30 72.62 80.55 37.01 26.49 45.95
GLM-4-air 69.57 68.18 81.30 82.72 55.73 46.58 84.40 85.29 53.01 45.95 53.57
Doubao-1.5-pro 65.17 65.48 82.04 78.87 69.25 63.84 83.42 80.13 60.01 53.64 60.99
Deepseek-V3 65.15 69.82 82.39 82.28 72.01 72.77 84.41 83.92 71.61 64.24 68.94
LlaMA3-70B-Instruct 52.09 43.79 62.27 55.95 45.81 30.51 67.88 63.47 42.47 29.80 34.70
GPT-4.1 68.50 62.33 75.23 72.36 61.12 48.21 78.98 76.57 62.14 54.30 54.95
GPT-4o 57.93 52.07 69.45 65.43 64.44 56.10 73.56 70.28 55.92 49.67 52.61
Gemini-2.5-flash 75.78 69.63 80.98 82.03 65.87 65.62 82.20 82.96 57.81 54.30 63.18

System-2-Style Models

Qwen3-14B-Think 55.55 45.36 66.22 63.94 55.84 46.88 68.60 67.66 48.45 40.40 44.21
Qwen3-32B-Think 62.94 52.07 69.26 65.23 56.87 49.55 72.67 68.85 49.13 41.72 47.78
Qwen3-30A3B-Think 57.79 50.60 67.23 66.02 55.98 49.33 70.65 68.58 48.98 41.89 47.27
Qwen3-235A22B-Think 69.93 64.16 77.46 74.41 66.48 62.91 80.00 77.24 58.67 51.72 59.60
Qwen-QwQ-32B 61.38 53.65 67.94 65.46 55.87 46.43 71.91 69.98 49.76 40.40 46.83
GLM-Z1-air 71.86 65.81 83.84 82.55 58.79 49.11 85.15 85.51 46.21 37.33 50.75
Doubao-1.5-Think 72.50 67.65 81.20 81.71 71.47 68.45 82.15 82.01 67.81 62.25 66.12
Deepseek-R1 76.66 75.15 85.98 85.91 78.91 75.89 86.80 86.87 71.72 66.89 72.64
openai-o1 71.67 70.30 79.54 79.97 73.23 71.01 76.47 83.46 74.36 72.66 71.32
Gemini-2.5-Pro 77.55 77.91 82.96 85.12 74.17 73.38 85.87 87.47 71.98 69.54 73.61

Table 4: Performance of baseline models on our proposed benchmark. 1-Hop refers to results on single-hop seed
questions. 3-Hops and 6-Hops correspond to multi-hop questions with increasing reasoning complexity. SQA and
OA denote Stepwise Question Answering and Overall Answering settings, respectively. Rouge-L and LLM-Judge
represent ROUGE-L recall and LLM-as-Judge accuracy. Avg. reports the average LLM-as-Judge accuracy for
overall answering across all questions.

thinking (Evans, 2003; Kannengiesser and Gero,277

2019), which emphasizes slow, reflective, and log-278

ically grounded cognition. These models are typ-279

ically trained to explicitly generate intermediate280

reasoning steps, thereby improving both answer281

accuracy and interpretability.282

3.2 Evaluation283

We evaluate model performance from two comple-284

mentary perspectives:285

Stepwise Question Answering (SQA): In this286

setting, each multi-hop question is decomposed287

into sub-questions. The model is prompted to an-288

swer them respectively, with the reference answer289

from the previous step substituted into subsequent290

sub-questions to eliminate coreference ambiguity.291

This setting assesses the model’s ability to address292

each component of a multi-hop reasoning chain,293

reflecting its factual recall capabilities.294

Overall Answering (OA): In this setting, the 295

model is presented with the complete multi-hop 296

question and tasked with producing the final an- 297

swer. This setup evaluates not only the model’s 298

ability to recall knowledge for each implicit sub- 299

question, but also its capacity to integrate these 300

steps into a coherent reasoning process coherently. 301

For both SQA and OA, we adopt two evalua- 302

tion metrics: Rouge-L Recall and LLM-as-Judge 303

Accuracy. Rouge-L recall measures the lexical 304

overlap between model output and gold answer, 305

serving as an automatic indicator of surface-level 306

correctness. Since we observe that models tend to 307

generate redundant content in their answers, we use 308

recall rather than f1 score. LLM-as-Judge accuracy 309

offers a semantic-level evaluation by leveraging 310

three independent judge models to assess the align- 311

ment of predicted answers with the reference in 312

terms of meaning and reasoning validity. The final 313
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decision is determined by majority voting among314

the three judges. Detailed evaluation settings and315

prompt templates are provided in the Appendix A.316

3.3 Main Results317

Table 4 summarizes the performance of base-318

line models on our benchmark. Models such as319

DeepSeek-R1, OpenAI-o1, Doubao-1.5-Pro, and320

Gemini-2.5-Pro exhibit strong performance, par-321

ticularly on more complex multi-hop questions.322

However, even top-performing models score below323

75% in average multi-hop accuracy, highlighting324

the overall difficulty of our benchmark.325

Closed-source models generally outperform326

open-source ones, likely due to larger model sizes327

and more extensive training data. Within the same328

model family (e.g., Qwen2.5 and Qwen3), larger329

variants consistently achieve better results. Chinese330

community models such as Yi-lightning, GLM-4,331

and Baichuan4-Turbo perform particularly well332

in the SQA setting, suggesting that language adap-333

tation and corpus coverage are critical for Chi-334

nese commonsense QA task. System-2-style mod-335

els (e.g., DeepSeek-R1, Doubao-1.5-Think, and336

Gemini-2.5-Pro) consistently outperform their337

System-1-style counterparts (e.g., DeepSeek-V3,338

Doubao-1.5-Pro, and Gemini-2.5-Flash) in the339

OA setting, indicating that structured reasoning is340

more effective for multi-hop tasks. Moreover, per-341

formance declines significantly as the number of342

reasoning hops increases. The persistent perfor-343

mance gap between SQA and OA across all mod-344

els suggests that, although models can handle sub-345

questions well, synthesizing intermediate answers346

into a final correct response remains challenging.347

4 Analysis348

4.1 Domain-wise Performance349

Figure 2 illustrates the performance of representa-350

tive models across different domains. Most models351

achieve strong results in the Natural Science do-352

main, with an average score of 83.93, while perfor-353

mance in the Life and Art domain is notably lower,354

averaging 66.61. This suggests that fact-centric do-355

mains are generally more manageable for current356

models, whereas domains requiring procedural or357

abstract reasoning remain more challenging.358

Moreover, Chinese community models such as359

GLM-4, Doubao-1.5-Pro, and the DeepSeek series360

tend to outperform others in the Chinese Culture361

domain, likely due to domain-specific training on362

Figure 2: Domain-wise LLM-as-Judge accuracy for dif-
ferent models. CC, HU, ET, LA, SO and NS repre-
sent “Chinese Culture”, “Humanities”, “Engineering
and Technology”, “Life and Art”, “Society”, and “Natu-
ral Science”, respectively.

Chinese data. Overall, the relatively small perfor- 363

mance gap across domains suggests that our dataset 364

is well-balanced in difficulty and does not exhibit 365

significant domain-specific bias. 366

4.2 Reasoning-style Comparsion 367

We explore the performance of different reasoning 368

styles on both single-hop and multi-hop tasks, and 369

investigate whether long-CoT reasoning provides 370

measurable benefits for complex multi-hop ques- 371

tions. As shown in Figure 3, models employing 372

system-2-style reasoning consistently outperform 373

system-1-style models in both the sub-question an- 374

swering and overall answering settings. This in- 375

dicates that deliberate reasoning can be beneficial 376

even for commonsense tasks that are primarily in- 377

volve factual recall. 378

A more notable contrast emerges when compar- 379

ing different reasoning modes of the same model, 380

such as Qwen-3 series, which is highlighted with 381

dashed boxes in the Figure 3. Although both modes 382

achieve comparable performance in the SQA set- 383

ting, suggesting similar capabilities in factual re- 384

call, the think mode demonstrates a significant im- 385

provement in OA scores. This suggests that explicit 386

reasoning steps enhance the model’s ability to inte- 387

grate the memory of individual sub-questions into 388

a coherent multi-step reasoning chain, ultimately 389

leading to more accurate final answers. 390

4.3 Prompting Strategies 391

We compare the impact of different prompting 392

strategies. Experiments are conducted on a sub- 393

set consisting of 200 3-hops and 100 6-hops ques- 394
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Figure 3: Performance of models with different rea-
soning styles in the sub-question answering (SQA) and
overall answering (OA) settings. Blue represent system-
1-style models, while Orange represent system-2-style
models.
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Figure 4: LLM-as-Judge accuracy of different baselinse
models with RAG.

tions. We evaluate a set of Chinese community395

models ( Qwen2.5-72B-Instruct and Doubao-1.5-396

pro ) and a set of English community models (397

LLaMA3-70B-Instruct and GPT-4o ), using the398

average LLM-as-Judge accuracy under different399

prompting settings as the evaluation metric. Specif-400

ically, we compare: (1) Direct and CoT prompting,401

where the CoT prompt guides the model perform402

step-by-step reasoning; (2) Chinese and English403

prompting, where the origin chinese prompt are404

translated into english; (3) Zero-shot and Few-shot405

prompting, where the few-shot prompting includes406

an example to illustrate multi-hop reasoning.407

As shown in Table 5, prompt language (Chinese408

vs. English) and the use of few-shot examples409

have limited impact on accuracy. In contrast, in-410

troducing heuristic, guided reasoning via chain-411

of-thought (CoT) prompts yields more substan-412

Prompt Strategy CN-LLMs EN-LLMs

Direct | Chinese | Zero-shot 62.5 57.5
Direct | Chinese | Few-shot 62.0 59.5
Direct | English | Zero-shot 64.5 60.0
Direct | English | Few-shot 61.5 56.0
CoT | Chinese | Zero-shot 65.5 60.5
CoT | Chinese | Few-shot 65.5 61.0
CoT | English | Zero-shot 61.0 61.5
CoT | English | Few-shot 63.5 60.5

Table 5: LLM-as-Judge accuracy with different prompt
strategies.

tial improvements. This indicates that common- 413

sense multi-hop reasoning tasks are relatively ro- 414

bust to superficial prompt settings but benefit from 415

prompts that explicitly guide the reasoning process. 416

4.4 Effect of Retrieval-Augmented Generation 417

We investigate the impact of retrieval-augmented 418

generation (RAG) on enhancing multi-hop rea- 419

soning capabilities. Experiments are conducted 420

on a subset of 50 three-hop and 50 six-hop ques- 421

tions using five models: Doubao-1.5-Pro, Kimi, 422

Kimi-Think, Wenxin, and Wenxin-Think. For 423

each model, retrieval is implemented via its official 424

interface. “Think” variants denote configurations 425

with the “deep thinking” option enabled, while all 426

other settings remain at their default values. 427

As shown in Figure 4, integrating RAG consis- 428

tently yields substantial improvements across all 429

models, with an average accuracy gain of approxi- 430

mately 9.5 percentage points. However, the mag- 431

nitude of improvement varies significantly across 432

models. For instance, Kimi and Wenxin show rel- 433

atively limited gains. Our analysis reveals that in 434

these cases, the retrieved content often lacks rele- 435

vant information, leading the models to reject an- 436

swer even for questions they could answer correctly 437

without retrieval. In contrast, Doubao demonstrates 438

significant improvements, likely due to its adap- 439

tive utilization of retrieved content and support for 440

multi-turn retrieval, which is particularly advanta- 441

geous for multi-hop reasoning. We provide detailed 442

examples in Appendix C. 443

4.5 Agreement between LLM-as-Judge and 444

Human Evaluation 445

Table 6 reports the Cohen’s Kappa scores measur- 446

ing agreement between human annotators and the 447

LLM-as-Judge evaluation for both single-hop and 448

multi-hop tasks, using Deepseek-v3, Doubao-1.5- 449

pro and GPT-4o as evaluators. In all cases, the 450

Cohen’s Kappa score exceeds 95%, indicating al- 451
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Level Agreement (κ ↑)
Doubao-1.5-pro Deepseek-v3 GPT-4o

Single-hop 95.6 96.4 95.6
Multi-hops 97.7 95.3 96.8

Table 6: Cohen’s Kappa agreement (κ) between human
evaluation and LLM-as-Judge.

most perfect agreement between LLM-based and452

human judgments. By adopting majority voting453

from three independent LLM judges, we mitigate454

model-specific bias and strengthen the robustness455

and credibility of LLM-as-Judge evaluation.456

5 Related Works457

5.1 Multi-hop Reasoning Benchmarks458

The development of multi-hop reasoning bench-459

marks evolves from early Wikipedia-based datasets460

to more advanced and specialized evaluations.461

The seminal HotpotQA (Yang et al., 2018) intro-462

duces core paradigms for evidence-based reason-463

ing, while 2WikiMultiHopQA (Ho et al., 2020) ap-464

plies adversarial filtering to improve robustness.465

Subsequent benchmarks target specific challenges:466

MuSiQue (Trivedi et al., 2022) promotes verifi-467

able reasoning through question decomposition,468

Multihop-RAG (Tang and Yang, 2024) evaluates469

the integration of retrieval in multi-hop generation,470

and MQuAKE (Zhong et al., 2023b) focuses on471

knowledge editing via multi-Hop questions. Re-472

cent works (Schnitzler et al., 2024; Wu et al., 2024;473

Zhu et al., 2024; Veuthey et al., 2025; Zhou et al.,474

2025) leverages LLMs to construct higher-quality475

multi-hop questions and extend benchmark cover-476

age to multimodal reasoning tasks. However, Chi-477

nese multi-hop reasoning remains underexplored.478

While efforts such as NLPCC-MH (wavewangyue),479

CoreCode (Shi et al., 2024), and CHARM (Sun480

et al., 2024) represent initial progress by incorpo-481

rating cultural knowledge into Chinese multi-hop482

datasets, they do not systematically support verifi-483

able multi-step reasoning through explicit decom-484

position. These limitations highlight the need for485

native Chinese benchmarks that combine cultural486

relevance with explicitly decomposed, verifiable487

reasoning steps, and adopt robust design method-488

ologies to minimize annotation bias.489

5.2 Chinese Commonsense Benchmarks490

The development of Chinese commonsense rea-491

soning benchmarks has evolved through multiple492

stages, yet significant gaps persist compared to493

their English counterparts. Early efforts primar- 494

ily involved translating existing English bench- 495

marks (Conneau et al., 2018; Ponti et al., 2020). 496

Subsequent work introduced native Chinese evalu- 497

ations with varying degrees of commonsense cov- 498

erage, including general language understanding 499

tests (Xu et al., 2020; Li et al., 2023), logical rea- 500

soning assessments (Liu et al., 2020; Zhong et al., 501

2023a). Benchmarks such as C3 (Sun et al., 2019) 502

and CMQA (Ju et al., 2022) , have further advanced 503

the field by introducing more complex and diverse 504

question formats. Among existing benchmarks, 505

Chinese SimpleQA (He et al., 2024) stands out for 506

its comprehensive coverage and high-quality con- 507

struction. Each question undergoes a rigorous val- 508

idation process involving multiple large language 509

models and human annotators to ensure quality and 510

cultural appropriateness. However, existing Chi- 511

nese SimpleQA benchmarks primarily focus on 512

single-hop, fact-based questions, which fall short 513

in evaluating the advanced reasoning capabilities of 514

large language models. Our proposed CCMOR ex- 515

tends existing Chinese QA resources into multi-hop 516

questions. It enables more effective benchmarking 517

of state-of-the-art models on Chinese multi-hop 518

scenario, while providing verifiable intermediate 519

reasoning steps for process-level evaluation. 520

6 Conclusion 521

We present a novel benchmark for evaluating Chi- 522

nese multi-hop commonsense reasoning. The 523

dataset is constructed via an LLM-driven gener- 524

ation pipeline, followed by expert human verifi- 525

cation to ensure both quality and coverage. It ex- 526

plicitly targets the integration of Chinese cultural 527

knowledge, verifiable intermediate reasoning steps, 528

and factual information across diverse domains. 529

Our empirical analysis reveals that, despite 530

strong sub-question answering performance, state- 531

of-the-art models still struggle with knowledge- 532

intensive and compositional reasoning, especially 533

in long-tail scenarios. We further analyze the im- 534

pact of different reasoning styles, prompting strate- 535

gies, and the incorporation of retrieval augmen- 536

tation, demonstrating their varying effectiveness 537

in enhancing multi-hop performance. This bench- 538

mark fills a critical gap in the landscape of Chinese 539

multi-hop commonsense reasoning datasets, offer- 540

ing a rigorous and culturally grounded resource for 541

evaluating and advancing capabilities in LLMs. 542
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Limitations543

While our benchmark provides a valuable resource544

for evaluating Chinese multi-hop commonsense545

reasoning, it has several limitations.546

• The dataset construction process depends on547

LLM-generated question-answer pairs, which548

may introduce hallucinations or inherent biases549

from the models. Although we adopt round-550

robin strategy to query multiple LLMs and em-551

ploy expert human verification, some subtle er-552

rors or inconsistencies in reasoning may persist.553

• The evaluation of model performance relies on554

LLM-as-a-judge, which, while effective for scal-555

able open-ended assessment, may be influenced556

by model-specific preferences or limitations in557

understanding complex reasoning. Although558

we supplement this with Rouge-L Recall for559

additional reference, such lexical metrics may560

not fully reflect reasoning accuracy or semantic561

correctness.562

• Our benchmark focuses on multi-hop reason-563

ing based on textual commonsense knowledge.564

Scenarios requiring multimodal reasoning, pro-565

cedural understanding, or interactive dialogue566

are not covered in the current dataset and are567

left for future exploration.568

We hope CCMOR will support future research in569

multilingual reasoning, dataset development, and570

the design of reasoning-specialized models.571

Ethical Considerations572

We employ human annotators to construct and ver-573

ify our dataset. They are recruited through a pro-574

fessional annotation platform and are fairly com-575

pensated in accordance with local standards. Prior576

to annotation, all annotators review detailed task577

guidelines and prompt templates in Appendix A),578

where data usage policies and content safety re-579

quirements are clearly specified.580

All annotators provide informed consent and are581

explicitly instructed to avoid generating content582

that involves bias, private information, or ethical583

risks. Annotators are professional language work-584

ers based in China, with relevant experience and585

no conflicts of interest.586
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A Prompt Templates 814

We provide prompt templates for seed question 815

and sub-question classification, sub-question fil- 816

tering, multi-hop QA Composition, and multi-hop 817

QA verification (Figures 5, 6, 7, and 8). The entire 818

pipeline is executed using round-robin and cross- 819

model verification strategies with several state-of- 820

the-art LLMs, including GPT-4o, DeepSeek-R1, 821

and Doubao-1.5-Pro. 822

B Data Examples 823

Table 7 presents some constructed examples of 824

three-hops and six-hops multihop questions. 825

C Case Study 826

In this section, we present case studies of model 827

responses, including examples of three-hop reason- 828

ing in Table 8, six-hop reasoning in Table 9, and 829

cases incorporating RAG in Table 10. 830
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你是一名专业的数据标注员，现在需要你对给定的问题进行分类。我们将问题按照其知
识领域划分为以下六个主类目：
1. 中国文化：涵盖中国传统文化、历史人物、节日习俗、国粹等相关内容。
2. 人文社科：包括哲学、文学、历史、语言学、教育学、社会学、心理学等学科内容。
3. 工程与技术：涉及计算机、人工智能、通信、电子、机械、建筑等技术和工程领域。
4. 生活与艺术：包含饮食健康、日常生活、体育、娱乐、电影、音乐、美术等内容。
5. 社会：关注政治、经济、法律、军事、传媒、国际关系等社会制度与结构问题。
6. 自然科学：包括数学、物理、化学、生物、天文、地理等自然科学相关问题。

你的任务是为每一个问题指定最相关的一级类目。请确保分类准确、不交叉、不模糊，
避免主观解释，依据知识主题进行客观判断。

###以下是一些示例 ###
问题：屈原是哪一历史时期的诗人？
分类：中国文化

问题：中国第一颗人造卫星的名称是什么？
分类：工程与技术

问题：DNA分子的双螺旋结构是由谁发现的？
分类：自然科学

请你根据上述规范，对接下来的子问题进行分类。

Figure 5: The prompt for reclassifying seed factual questions into six domains.
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你是一名专业的数据标注员，负责对给定的问答对进行全面评估，并判断其是否符合高
质量构建标准。请严格按照以下四项评估标准执行：
1. 问题结构合理、语义清晰：问题应具备完整的结构和清晰的逻辑，语义明确，避免出
现模糊或歧义的表达，如指代不明（例如“他”、“那个地方”）或缺少必要上下文。问题
必须具有可回答性，其答案应为明确且可验证的客观事实。
2. 问题内容具备事实性与时间稳定性：问题应聚焦于客观事实，避免包含主观判断或
观点性内容（如“你如何看待. . . . . . ”），同时应排除时间敏感型问题（如“现任领导是
谁”、“今年诺贝尔奖得主是谁”等随时间变化的问题）。
3. 答案准确、可验证：答案应符合当前主流知识，不得包含过时、错误或未经验证的信
息。你可以结合常识及相关文档内容判断答案的准确性。若答案存在疑问，请标记为“不
合格”并简要说明原因。
4. 答案为明确、可数且独立的事实单元：答案应为具体且清晰可识别的实体，如人物姓
名、地点、机构名称或具体时间等，不应为笼统描述或抽象概念（如“很多国家”、“西方
文化”等）。若存在多个独立且可数的正确答案，请用“/”分隔列出所有合理选项。
请依据以上标准，对每组问答对逐项审核，判断其是否“合格”或“不合格”，并附简要说
明。

###以下是一些示例 ###
问题：新中国是在哪什么时候成立的？
答案：1949年
评价：问题表达不够明确，无法判定需回答具体日期还是年份。
判断：【不合格】

问题：你认为日本最好的城市是哪一个？
答案：东京
评价：问题属于主观性范畴，缺乏客观可验证的标准。
判断：【不合格】

问题：现任美国总统是谁？
答案：唐纳德·特朗普
评价：问题时效性强，答案会随时间变化。
判断：【不合格】

问题：河北省的气候条件是什么，有什么特点？
答案：河北省属温带大陆性季风气候，具有春季干燥...
评价：问题指示不够具体，答案过于冗长且非单一实体，难以归类为事实单元。
判断：【不合格】

请参照上述标准和示例，以相同格式对接下来的问答对进行评估。

Figure 6: The prompt for sub-question quality verification.
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你是一名专业的数据标注员，负责将多个单跳问答（即若干事实性子问题及其答案）整
合为自然、连贯、逻辑清晰的多跳问答数据。请严格按照以下要求完成任务：

任务目标：
根据提供的若干子问题及其对应答案，构造一个多跳问题，使其必须依赖多个中间推理
步骤才能得出最终答案。合成后的问题应具备自然语言表达能力、逻辑连贯性，并指向
一个唯一、具体、可验证的事实答案。

构造要求：
1. 唯一且具体的最终答案：最终问题应指向一个明确、可验证的事实性答案，不能存在
歧义或多种可能性。中间子问题的答案应共同服务于该最终答案的推出。答案必须为具
体、可识别的实体，如人物姓名、地名、机构名称或确切时间等，避免使用模糊描述或
抽象概念。
2. 顺序推理、逻辑通顺：多跳问题应展现清晰、线性推进的推理链，各步骤之间应通过
因果、指代或其他自然语言衔接方式建立联系。中间答案不得直接出现在问题中，须通
过代词、称谓或上下文信息进行指代。不得出现信息冗余、逻辑重复或循环依赖的问题
结构。
3. 语言自然、表达流畅： 合成的问题应具备完整、清晰、符合语言习惯的自然语言表
达。可根据需要添加适当的上下文信息以增强问题的可读性和连贯性，但不得显式暴露
中间答案内容。
4. 内容安全、符合伦理：所构造的问题不得涉及敏感、争议、歧视、暴力等内容，须符
合基本伦理和安全规范。

###以下是一些示例 ###

子问题：
[’1954年获得诺贝尔化学奖的是谁？’,
’莱纳斯·卡尔·鲍林曾在哪所大学取得博士学位？’,
’加州理工学院创办于哪一年？’]
答案：
[’莱纳斯·卡尔·鲍林’, ’加州理工学院’, ’1891年’]

合成的多跳问题：1954年诺贝尔化学奖得主获得博士学位的大学创办于哪一年？
最终答案：1891年

请你根据上述规范，对接下来的子问题集合进行合理整合，生成符合标准的多跳问题及
其答案。

Figure 7: Prompt for multi-hop QA composition from sub-questions.
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你是一名专业的数据标注员，负责对已构造的多跳问答数据进行系统审核，判断其是否
符合高质量构建标准。请严格依据以下评估维度，对每条多跳问答进行逐项检查，并将
其标注为“合格”或“不合格”，必要时请简要说明不合格原因。

评估维度：
1. 全局答案唯一性：多跳问题必须导向一个明确、具体、可验证的最终唯一答案。不得
存在语义模糊或多个合理选项。最终答案应为具象事实性实体，如人名、地名、机构或
具体时间等。
2. 推理链条合理性：问题应体现清晰的多跳推理路径，子问题之间具有明确的逻辑依赖
关系。不得存在跳步（可省略中间步骤）、信息冗余、逻辑回环或中间答案显式暴露等
问题。
3. 语言自然与指代衔接：问题表达应符合自然语言使用习惯，语言流畅，语境连贯。中
间实体须通过恰当的代词、称谓或上下文表达进行隐式衔接，避免直接重复出现。
4. 内容安全性：问题内容不得涉及敏感、争议、歧视、暴力等信息，必须符合伦理规范
和公共安全标准。

###以下是一些示例 ###

多跳问题：1954年诺贝尔化学奖得主获得博士学位的大学创办于哪一年？
最终答案：1891年
评价：推理链条完整，指代衔接自然，语言表达清晰，最终答案明确且可验证。
判断：【合格】

多跳问题：1954年诺贝尔奖得主毕业的大学创办于什么时候？
最终答案：1891年
评价：问题表达模糊，未指定“诺贝尔什么奖”，毕业阶段不清，时间问法不明确。
判断：【不合格】

多跳问题：1954年诺贝尔化学奖得主获得博士学位的大学的哪位校友在1954年获得了诺
贝尔化学奖？
最终答案：莱纳斯·卡尔·鲍林
评价：存在逻辑回绕，推理链形成闭环；同时可通过最后子句直接获取答案，推理路径
冗余。
判断：【不合格】

请你严格依据上述评估标准，对多跳问答数据进行质量审核，并判断是否合格。

Figure 8: Prompt for verifying the quality of composed multi-hop questions.
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Sub-Questions Sub-Question An-
swers

Multihop Question Final An-
swer

1.《少湖文集》的作者是谁?
2.《少湖文集》的作者徐阶
所处的朝代是哪个朝代？
3. 明朝最终灭亡于哪一年？

徐阶
明朝

1644年

《少湖文集》的作者所属某
朝代,该朝代最终灭亡于哪一
年？

1644年

1. 致力于方法和理论研究，
新印象主义的倡导者是谁？
2. 新印象主义画家乔治·修拉
的哪个国家的公民？
3. 法国国歌是什么？

乔治·修拉

法国

马赛曲

致力于方法和理论研究，新
印象主义的倡导者所属国家
的国歌是什么？

马赛曲

1. 联合国成立于哪一年？
2. 1945年的诺贝尔文学奖获
得者是谁？
3. 诺贝尔文学奖得主加夫列
拉·米斯特拉尔的国籍是哪个
国家？

1945年

加 夫 列 拉·米
斯特拉尔

智利

联合国成立的同一年的诺贝
尔文学奖的获得者的国籍是
哪个国家？

智利

1. 瑞典荷尔斯泰因-戈托普王
朝的第二位国王是谁?
2. 瑞典国王古斯塔夫三世去
世于哪一年?
3. 1792年在任的美国总统是
谁?
4. 美国总统乔治·华盛顿的出
生地属于哪个州?
5. 弗吉尼亚州的首府是哪个
城市?
6. 弗吉尼亚州里士满市的电
话区号是什么？

古斯塔夫三世

1792年

乔治·华盛顿

弗吉尼亚州

里士满市

804

瑞典荷尔斯泰因-戈托普王
朝的第二位国王，他去世那
一年在任的美国总统，该总
统的出生地属于某个州，这
个州的首府的电话区号是什
么？

804

1. 中国香港特别行政区第五
任行政长官是谁？
2. 香港第五任行政长官林郑
月娥的配偶是谁？
3. 林郑月娥的配偶林兆波取
得了哪所大学的博士学位？
4. 担任剑桥大学教师且
在2017年获得诺贝尔化学奖
的人是谁？
5. 2017年诺贝尔化学奖获得
者理查德·亨德森获得了哪所
大学的物理学学士学位？
6. 2002年担任英国爱丁堡大
学校长的人是谁？

林郑月娥

林兆波

剑桥大学

理 查 德·亨 德
森

爱丁堡大学

蒂莫西·奥谢

中国香港特别行政区第五任
行政长官的配偶取得了某
所大学的博士学位，担任
该大学教授且在2017年获得
诺贝尔化学奖的人获得了
一所大学的物理学学士学
位，2002年担任该大学校长
的人是谁？

蒂莫西·奥
谢

Table 7: Data examples of three-hops and six-hops multihop questions.
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Question 全世界最长山脉的最高峰位于某个国家境内,该国家的首都是哪座城市？

GPT-4o 全世界最长的山脉是安第斯山脉，其最高峰是阿空加瓜山（Aconcagua），位于阿根廷
境内。阿根廷的首都是布宜诺斯艾利斯。

<答案>布宜诺斯艾利斯</答案>

Gemini-2.5-flash 全世界最长的山脉是安第斯山脉。安第斯山脉的最高峰是阿空加瓜山（Aconcagua）。
阿空加瓜山位于阿根廷境内。阿根廷的首都城市是布宜诺斯艾利斯。

<答案>布宜诺斯艾利斯</答案>

GLM-4-air 全世界最长山脉是安第斯山脉，其最高峰是阿空加瓜山，位于阿根廷境内。阿根廷的
首都是布宜诺斯艾利斯。

<答案>布宜诺斯艾利斯</答案»

DeepSeek-R1 嗯，这个问题看起来有点挑战性。首先，题目是说全世界最长的山脉的最高峰位于某
个国家境内，然后问这个国家的首都是哪座城市。我需要一步步来拆解这个问题。

首先，我得确定全世界最长的山脉是什么。根据以前学过的地理知识，最长的山脉应
该是安第斯山脉吧？安第斯山脉位于南美洲，沿着西海岸延伸，经过多个国家，比如
哥伦比亚、厄瓜多尔、秘鲁、玻利维亚、智利、阿根廷等等。安第斯山脉确实是世界
上最长的山脉，长度超过7000公里，对吧？

接下来，问题提到的是这个最长山脉的最高峰。那安第斯山脉的最高峰是哪一座呢？
我记得安第斯山脉的最高峰是阿空加瓜山（Aconcagua），位于阿根廷境内。阿空加瓜
山的海拔大约是6961米，是南美洲的最高峰，也是亚洲之外最高的山峰。所以，最高
峰阿空加瓜山应该是在阿根廷的境内。

那阿根廷的首都是哪里呢？阿根廷的首都是布宜诺斯艾利斯（Buenos Aires）。不过，
我得确认一下这些信息是否正确，避免记错了。比如，有没有可能安第斯山脉的最高
峰在别的国家？比如智利或者秘鲁？比如，查一下阿空加瓜山的位置，是否真的属于
阿根廷。根据资料，阿空加瓜山位于阿根廷门多萨省，靠近智利边境，但主权属于阿
根廷。所以确认是阿根廷。

那总结一下，最长山脉是安第斯山脉，最高峰阿空加瓜山在阿根廷，阿根廷的首都是
布宜诺斯艾利斯。所以答案应该是布宜诺斯艾利斯。

<答案>布宜诺斯艾利斯</答案>

Gemini-2.5-Pro <答案>布宜诺斯艾利斯</答案> **推理过程：** 1. **全世界最长的山脉**：安第斯山
脉 (Andes Mountains)。 2. **安第斯山脉的最高峰**：阿空加瓜山 (Mount Aconcagua)，
海拔6960.8米。 3. **阿空加瓜山所在的国家**：阿根廷 (Argentina)。 4. **阿根廷的首
都**：布宜诺斯艾利斯 (Buenos Aires)。

GLM-z1-air 嗯，这个问题看起来是要找出全世界最长山脉的最高峰所在国家的首都。首先，我需
要确定哪座山脉是世界上最长的。我记得安第斯山脉是世界上最长的山脉，沿着南美
洲的西海岸延伸，从哥伦比亚一直延伸到智利和阿根廷，对吧？那它的最高峰应该是
阿空加瓜山，对吧？阿空加瓜山位于阿根廷境内，所以最高峰所在的国家是阿根廷。
接下来，阿根廷的首都是布宜诺斯艾利斯。不过，我得再确认一下这些信息是否正
确，避免记错了。

首先，确认最长山脉。安第斯山脉确实是世界最长的山脉，长度超过7000公里，而
喜马拉雅山脉虽然高，但长度较短。所以最高峰是安第斯山脉的阿空加瓜山，海
拔6961米，位于阿根廷。然后阿根廷的首都是布宜诺斯艾利斯，没错。所以答案应该
是布宜诺斯艾利斯。 <答案>布宜诺斯艾利斯</答案>

Table 8: Comparison of responses from different LLMs on three-hops quesiton.
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Question 瑞士面积最大州的首府位于某条河流右岸，这条河流最终在某城市附近注入北
海，2009年当选该市市长的人出生于哪个国家？？

GPT-4o 瑞士面积最大的州是格劳宾登州（Graubünden），其首府是库尔（Chur）。库尔位于
莱茵河右岸。莱茵河最终在荷兰鹿特丹附近注入北海。2009年当选鹿特丹市市长的是
艾哈迈德·阿布塔莱布（Ahmed Aboutaleb），他出生于摩洛哥。

<答案>摩洛哥</答案>

Gemini-2.5-flash 瑞士面积最大州（格劳宾登州/Graubünden）的首府是库尔（Chur）。库尔位于莱茵河
（Rhine）的右岸（具体来说是阿尔卑斯莱茵河段的右岸）。莱茵河最终在荷兰的鹿特
丹（Rotterdam）附近注入北海。 2009年当选鹿特丹市长的人是艾哈迈德·阿布塔勒布
（Ahmed Aboutaleb），他于2009年1月5日上任。艾哈迈德·阿布塔勒布出生于摩洛哥。

<答案>摩洛哥</答案>

GLM-4-air 要解决这个问题，我们需要逐步分析题目中的信息：

1. **瑞士面积最大州的首府**：瑞士面积最大的州是格劳宾登州（Graubünden），其
首府是库尔（Chur）。
2. **库尔位于某条河流右岸**：库尔位于莱茵河（Rhine River）的右岸。
3. **莱茵河最终在某城市附近注入北海**：莱茵河最终在鹿特丹（Rotterdam）附近注
入北海。
4. **2009年当选鹿特丹市长的人**：2009年当选鹿特丹市长的是伊沃·范德拉格（Ivo
Opstelten），他出生于荷兰。
因此，2009年当选鹿特丹市长的人出生于荷兰。
<答案>荷兰</答案>

DeepSeek-R1 嗯，这个问题看起来有点复杂，不过让我慢慢理清楚。首先，题目问的是瑞士面积
最大的州的首府位于某条河流的右岸，这条河流最终在某个城市附近注入北海。然
后，2009年当选该市市长的人出生在哪个国家。我需要一步步拆解这些信息。

首先，瑞士面积最大的州是哪个呢？瑞士的州有很多，比如苏黎世州、伯尔尼州、格
劳宾登州等等。我记得瑞士面积最大的州应该是格劳宾登州（Graubünden），因为那
里有很多山区，面积比较大。不过不确定的话，可能需要确认一下。查资料的话，瑞
士面积最大的州确实是格劳宾登州，首府是库尔（Chur）。

接下来，库尔位于哪条河流的右岸呢？库尔位于莱茵河的一条支流旁边，可能是前莱
茵河（Vorderrhein）或者后莱茵河（Hinterrhein），不过更可能的是，整个莱茵河的上
游部分。不过莱茵河的干流确实流经库尔附近，库尔坐落在莱茵河的右岸吗？需要确
认。莱茵河在瑞士境内分为前莱茵河和后莱茵河，汇合后成为阿尔卑斯莱茵河，流经
库尔。库尔位于阿尔卑斯莱茵河的右岸，对吗？是的，库尔确实在莱茵河的右岸。

然后，这条河流最终注入北海，而注入北海的城市是哪里呢？莱茵河最终在荷兰的鹿
特丹附近流入北海。所以问题中的“某城市”应该是指鹿特丹。那么，2009年当选鹿特
丹市长的人是谁呢？需要查一下鹿特丹的市长在2009年的选举情况。当时的市长是艾
哈迈德·阿布塔莱布（Ahmed Aboutaleb），他于2009年1月就任鹿特丹市长。他的出生
国家是摩洛哥，因为他出生于摩洛哥的贝尼·斯迪尔（Beni Sidel）。

所以，整个链条应该是：瑞士最大的州是格劳宾登，首府库尔位于莱茵河右岸，莱茵
河最终在鹿特丹附近入北海，2009年当选鹿特丹市长的是艾哈迈德·阿布塔莱布，出生
在摩洛哥。

<答案>摩洛哥</答案>

Gemini-2.5-Pro 逐步分析：1. **瑞士面积最大州的首府**：*瑞士面积最大的州是格劳宾登州 (Graubün-
den)。*格劳宾登州的首府是库尔 (Chur)。2. **位于某条河流右岸**：*库尔 (Chur)位
于普莱苏尔河 (Plessur) 的右岸，普莱苏尔河在库尔附近汇入莱茵河 (Rhine)。库尔本
身也通常被描述为坐落在莱茵河谷。考虑到后续问题，这里指的“某条河流”更可能是
指莱茵河。库尔确实在莱茵河（阿尔卑斯莱茵河段）的右岸（东岸）。3. **这条河流
最终在某城市附近注入北海**：*莱茵河 (Rhine)最终流经荷兰，在鹿特丹 (Rotterdam)
附近通过其三角洲注入北海。4. **2009年当选该市市长的人出生于哪个国家？***该
市指的是鹿特丹 (Rotterdam)。* 2009年当选（实际是2009年1月5日上任）鹿特丹市长
的是艾哈迈德·阿布塔莱卜 (Ahmed Aboutaleb)。* 艾哈迈德·阿布塔莱卜出生于摩洛哥
(Morocco)。综上所述，最终答案是摩洛哥。<答案>摩洛哥</答案>

Table 9: Comparison of responses from different LLMs on six-hops quesiton.
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Question 漫画《寻找满月》的原作者在2011年与某月刊解除专属契约，该月刊创刊的
那一年5月14日成立了一个组织，该组织起草人的长子是谁？

Doubao-1.5-pro 步骤一：确定漫画《寻找满月》原作者及相关月刊漫画《寻找满月》的原作
者是种村有菜。2011年种村有菜与集英社《RIBON》月刊解除专属契约。

步 骤 二 ： 明 确 《RIBON》 创 刊 时 间 及 对 应 组 织 《RIBON》 创 刊
于1955年，1955年5月14日成立的组织是华沙条约组织（简称华约）。

步骤三：找出华约起草人及长子信息华约的起草人一般认为是苏联领导人赫
鲁晓夫。赫鲁晓夫有两个儿子，长子是列昂尼德·赫鲁晓夫。列昂尼德在第二
次世界大战中牺牲。

所以，该组织起草人的长子是列昂尼德·赫鲁晓夫。

Doubao-1.5-pro with RAG 漫 画 《 寻 找 满 月 》 的 原 作 者 是 种 村 有 菜 。2011年 ， 她 与 日 本
集 英 社 《RIBON》 月 刊 解 除 专 属 契 约 。 《RIBON》 月 刊 创 刊
于1955年。1955年5月14日成立的组织是华沙条约组织。 华沙条约组织
的建立是苏联等国为应对西方国家的威胁而采取的集体防御措施，是多个国
家共同参与的结果，并没有明确单一的起草人，所以，根据现有信息，无法
确定其起草人的长子是谁。

Question 2018年11月担任中国社会科学院国际法研究所所长的人在1986年毕业于某所
大学，2022年6月担任该大学校长的人在2020年出版了一本书，该书出版社的
总部位于哪个城市？

Doubao-1.5-pro 仅根据你提供的这些信息，无法明确具体涉及的人物、大学以及书籍出版
社等内容，也就无法确定该书出版社总部所在城市。你可以补充更多详细信
息，比如相关人物姓名、大学名称等，以便我更准确地为你解答。

Doubao-1.5-pro with RAG 2018年11月担任中国社会科学院国际法研究所所长的是莫纪宏。他1986年毕
业于北京大学法律学系。2022年6月担任北京大学校长的是郝平。在2020年，
由北京大学中国政治学研究中心主持编撰、大百科全书出版社出版了《政治
通鉴》，北京大学校长郝平出席了新书发布会。大百科全书出版社的总部位
于北京，地址是北京市西城区阜成门北大街17号。

Table 10: Examples of the effect of RAG on multi-hop quesitons.
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