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Abstract

Despite the rapid advancement of large lan-001
guage models, they remain highly suscepti-002
ble to generating hallucinations, which signif-003
icantly hinders their widespread application.004
Hallucination research requires dynamic and005
fine-grained evaluation. However, most ex-006
isting hallucination benchmarks (especially in007
Chinese language) rely on human annotations,008
making automatical and cost-effective halluci-009
nation evaluation challenging. To address this,010
we introduce HaluAgent, an agentic framework011
that automatically constructs fine-grained QA012
dataset based on some knowledge documents.013
Our experiments demonstrate that the manu-014
ally designed rules and prompt optimization015
can improve the quality of generated data. Us-016
ing HaluAgent, we construct C-FAITH, a Chi-017
nese QA hallucination benchmark created from018
1,399 knowledge documents obtained from019
web scraping, totaling 60,702 entries. We com-020
prehensively evaluate 16 mainstream LLMs021
with our proposed C-FAITH, providing detailed022
experimental results and analysis.023

1 Introduction024

Despite significant advances made by large lan-025

guage models (LLMs) (Grattafiori et al., 2024; Ope-026

nAI et al., 2024) in natural language generation,027

hallucination continues to undermine their reliabil-028

ity and safety (Xu et al., 2024; Huang et al., 2024).029

The issue of hallucination makes the deployment of030

LLMs potentially risky in real-world applications031

(Bang et al., 2023; Ji et al., 2023). To understand032

what types of content and to what extent LLMs033

tend to hallucinate, much attention has been paid034

to constructing high-quality datasets for hallucina-035

tion evaluation (Wang et al., 2023; He et al., 2024).036

Since the potential hallucinations of LLMs exist in037

various domains, the size and scalability of datasets038

are crucial for the oversight of LLM hallucinations.039

However, constructing and scaling-up hallucina-040

tion evaluation datasets face significant challenges041
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Figure 1: The total hallucination rates of 16 tested LLMs
on C-FAITH.

(Cao et al., 2024; Liu et al., 2024b; Gu et al., 2024). 042

As existing hallucination benchmarks (Li et al., 043

2023; Chen et al., 2024b) often rely on human an- 044

notations to construct high-quality datasets, one 045

primary challenge is the prohibitively high costs of 046

human annotation required for hallucination bench- 047

mark construction. Since manually constructing 048

hallucination benchmarks is time-consuming and 049

expensive, there is a need to develop automatic 050

approaches to construct hallucination evaluation 051

datasets at scale. To automate the construction of 052

hallucination evaluation dataset, we propose Halu- 053

Agent, an agentic framework for automatic dataset 054

generation. 055

We highlight key differences between exist- 056

ing hallucination benchmark construction and our 057
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Generative QA Single-Choice QA True-or-False QA

[问题]：伦勃朗·哈尔
门松·范赖恩的出生日
期是哪一天？
[Question]:What is 

Rembrandt Halmensson 

van Rijn's date of birth?

[答案]：1606年7月15日
[Answer]: July 15, 1606

[问题]：伦勃朗·哈尔门松·范赖恩
的出生日期是哪一天？
A.1605年6月14日    B.1606年7月15日
C.1608年9月17日    D.1607年8月16日
[Question]:What is Rembrandt Halmensson 

van Rijn's date of birth?
A.June 14, 1605                B.July 15, 1606

C.Sep 17, 1608                 D.Aug 16, 1607

[答案]([Answer]):B

[问题1]：伦勃朗·哈尔门
松·范赖恩的出生日期是1606
年7月15日,请判断是否正确。
[Question1]:Rembrandt Halmensson 

van Rijn's birth date is July 15, 1606, 

please judge whether it is correct.

[答案1]：正确
[Answer1]: Correct

[问题2]：伦勃朗·哈尔门
松·范赖恩的出生日期是1605
年6月14日,请判断是否正确。
[Question2]:Rembrandt Halmensson 

van Rijn's birth date is June 14, 1605, 

please judge whether it is correct.

[答案2]：不正确
[Answer2]: Incorrect

Input

[知识文档]：伦勃朗·哈尔门松·范赖恩是17世纪
荷兰黄金时代绘画的主要人物，被称为荷兰历史上
最伟大的画家。……伦勃朗于1606年7月15日生在
荷兰共和国时期的莱顿。他是家中第八个孩子，父
亲是磨坊主，母亲是面包师的女儿，他们共育有十
个孩子。

[Knowledge Document]: Rembrandt Halmensson van Rijn is 

one of the representative painters of European Baroque 

painting art, and is also a major figure in Dutch Golden Age 

painting in the 17th century, and is known as the greatest 

painter in Dutch history. ... Rembrandt was born in Leiden 

on July 15, 1606, during the Dutch Republic. He was the 

eighth child of a miller and a baker‘s daughter, who had ten 

children in total.

QA Meta Data

[知识]：伦勃朗于1606年7月15日生在荷兰共和国时期的莱顿。
[Knowledge]: Rembrandt was born in Leiden on July 15, 1606, during 

the Dutch Republic. 

[问题]：伦勃朗·哈尔门松·范赖恩的出生日期是哪一天？
[Question]:What is Rembrandt Halmensson van Rijn's date of birth?

[答案]：1606年7月15日
[Answer]: July 15, 1606

[幻觉回复1]：1605年6月14日
[Hallucinated Response1]: June 14, 1605

[幻觉标签1]：时空幻觉 
[Hallucination Label1]: Spatiotemporal Error.

[幻觉回复2]：1608年9月17日
[Hallucinated Response1]: Sep 17, 1608

[幻觉标签2]：时空幻觉 
[Hallucination Label2]: Spatiotemporal Error.

[幻觉回复2]：1607年8月16日
[Hallucinated Response1]: Aug 16, 1607

[幻觉标签3]：时空幻觉 
[Hallucination Label2]: Spatiotemporal Error.

QA Aggregation

Meta 
Generation

Figure 2: An example of the created QA data. HaluAgent first generates meta data containing question, correct
answer, hallucinated responses and hallucination labels. Then, the QA meta data is aggregated into three different
formats for hallucination evaluation. We provide both the Chinese QA data and the English translation in the figure.

HaluAgent method below:058

• Automatic data constuction: Unlike some059

of the previous works that rely on manual an-060

notation for data construction, we use a multi-061

agent system, HaluAgent. Built on Qwen062

model (Yang et al., 2024a), HaluAgent au-063

tomatically generates and verifies QA data for064

hallucination evaluation.065

• Fine-grained error types: Previous studies066

classify QA data based on question patterns067

(Chen et al., 2024b) or topic (Ji et al., 2024).068

Our study induces different types of hallu-069

cination given fine-grained hallucination er-070

ror types. By generating hallucination labels071

for the QA data, HaluAgent enables more tar-072

geted identification of LLM hallucination.073

• Prompt optimization: We leverage prompt074

optimization techniques (Yang et al., 2024b)075

to refine prompts for data generation. This076

improves the quality of data generation over077

methods that use simple few-shot prompting.078

• Multiple QA formats: Previous studies of-079

ten generate a single form of QA pairs, while080

HaluAgent supports multiple QA formats.081

Different forms of QA data help identify vul-082

nerabilities of LLMs.083

Given knowledge documents as input, Halu- 084

Agent supports the generation of three different 085

QA data formats, including generative QA, single- 086

choice QA and true-or-false QA. Figure 2 shows an 087

example of generated data with a piece of knowl- 088

edge extracted from the input document. Our Halu- 089

Agent method works by first generating questions 090

and the corresponding correct answers. Then, we 091

generate hallucinated responses for the questions, 092

which are inconsistent with the background knowl- 093

edge as well as the correct answers. The halluci- 094

nated response represents a potentially hallucinated 095

generation. Finally, we produce hallucination la- 096

bels for each hallucinated response to indicate the 097

hallucination type induced by the question. By 098

combining these elements, we obtain the QA meta- 099

dataset. Three different QA formats can then be 100

derived from this meta-dataset. 101

A verification module is proposed to check the 102

correctness of the generated answers, the halluci- 103

nated responses, and the hallucination labels. Dur- 104

ing the large-scale data generation process, vali- 105

dated QA data are retained as the final hallucination 106

evaluation dataset. Any data flagged as uncertain 107

by the verification module is filtered out to ensure 108

quality and accuracy. Moreover, to increase the 109

validation rate of the generated data, we perform 110

prompt optimization before large-scale generation. 111

As most existing hallucination benchmarks fo- 112
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Factual Fabrication(FactFab) The LLM fabricates concepts that do not exist or make up facts that do not exist in the
real world.

Attribute Error(AttrErr) The LLM generates incorrect content when describing object in the real world, such as
the composition and function of an object.

Entity Error(EntErr) The LLM generates text that contains false entities that contradict the world knowledge,
such as people, event names, movies, books.

Relation Error(RelErr) The LLM generates text containing false relationships between entities such as quantity,
space, time, etc.

Spatiotemporal Error(SpaErr) The LLM generates incorrect information about the time and space of an event.

Reference Error(RefErr) The LLM makes up references and links that do not exist to make the generation more
reliable.

Table 1: Classification of hallucinations in LLMs.

cus on English corpora, the number of QA datasets113

for Chinese hallucination evaluation is relatively114

limited. Therefore, we construct a hallucination115

benchmark to facilitate hallucination evaluation in116

the Chinese language in this paper. We collect117

1,399 Chinese knowledge documents from multi-118

ple domains to construct a Chinese hallucination119

benchmark. Building on HaluAgent, we introduce120

C-FAITH, a benchmark comprising 16,713 gen-121

erative QA items, 10,563 single-choice QA items122

and 33,426 true-or-false QA items in general. We123

evaluate 16 mainstream LLMs with C-FAITH, in-124

cluding both open-source and black-box models.125

Figure 1 summarizes the total halucination rates of126

16 tested LLMs on our proposed C-FAITH. More-127

over, we analyze the hallucination rates of LLMs128

when faced with different types of questions. The129

experimental results indicate that LLMs are most130

prone to hallucination involving entity errors and131

spatiotemporal errors.132

In summary, our contributions can be listed as133

follows1:134

• We propose HaluAgent, an automated frame-135

work for generating hallucination evaluation136

datasets with fine-grained error types in differ-137

ent formats.138

• We introduce C-FAITH, a new Chinese hallu-139

cination evaluation dataset with fine-grained140

error types designed for the systematic assess-141

ment of hallucination generated by LLMs.142

• We evaluate and analyze the hallucination143

risks of 16 mainstream LLMs with C-FAITH,144

providing detailed experimental results and145

analysis.146

1Our code and data will be released to facilitate future
research when accepted.

2 Related Work 147

Hallucination benchmarks construct challenging 148

queries in single or multiple tasks to assess halluci- 149

nation rate in LLM responses. These benchmarks 150

cover a wide range of topics and tasks (Elaraby 151

et al., 2023; Pal et al., 2023; Luo et al., 2024; 152

Liu et al., 2024a). There are benchmarks curated 153

with semi-automated approaches for data genera- 154

tion (Chen et al., 2024b,a; Ji et al., 2024; Mishra 155

et al., 2024a) to offer better expandability com- 156

pared with datasets that rely solely on manual an- 157

notations (Wang et al., 2023; Cheng et al., 2023). 158

UHGEval (Liang et al., 2023) automates the con- 159

struction of hallucination benchmarks for text con- 160

tinuation task. C-FAITH provides an automated, 161

fine-grained and scalable hallucination benchmark 162

for QA task. 163

Another line of work involves training a halluci- 164

nation detector to evaluate the hallucination level 165

of LLM generation (Muhlgay et al., 2023; Srira- 166

manan et al., 2024; Gu et al., 2024; Akbar et al., 167

2024). Some early studies (Wang et al., 2020; Dur- 168

mus et al., 2020; Liu et al., 2021; Dziri et al., 2022; 169

Gupta et al., 2022; Laban et al., 2022; Varshney 170

et al., 2023; Yang et al., 2023) focus on distinguish- 171

ing whether the LLM output contains hallucinated 172

content. Recent researches (Mishra et al., 2024b; Ji 173

et al., 2024) further detect hallucinations in a more 174

fine-grained and meticulous way. 175

3 Method 176

In this section we present our HaluAgent method. 177

We use an agentic framework for data genera- 178

tion inspired by recent advances in role-playing 179

(Park et al., 2023) and prompt optimization (Yang 180

et al., 2024b). HaluAgent incorporates automated 181

agents based on an open-source model Qwen-2- 182

3



Dataset

Generation

Knowledge Document

Meta 
Generation

Reference 
Extraction

Data1 Datan

…

Generated Data

Verification

Optimization

Raw Data

<Answer Check>
<Halu_Ans Check>

<Halu_Label Check>Raw Data Manual Rules

Error 
Feedback

Qualified
Data

Raw Prompt

Optimization

<Optimized Prompt>

Optimized Prompt

Prompt 
Optimization

<Knowledge>
<Question>
<Answer>

<Halu_Ans>
<Halu_Label>

<Knowledge>
<Question>
<Answer>

<Halu_Ans>
<Halu_Label>

Figure 3: An illustration of our proposed HaluAgent framework. HaluAgent consists of three modules, including the
generation module, the verification module and the optimization module. With manually designed rules, HaluAgent
first conducts prompt optimization based on error feedbacks from the verification module. Next, HaluAgent takes
knowledge documents as input to generate fine-grained QA data for hallucination evaluation.

72B-Instruct2 (Yang et al., 2024a) to extract QA183

pairs from knowledge documents, generate halluci-184

nated responses, and classify these hallucinated re-185

sponses. Then, HaluAgent validates the correctness186

of the generated answers, hallucinated responses,187

and hallucination labels based on predefined man-188

ual rules. With the generated meta dataset, we189

aggregate it into different formats of QA data to190

construct the evaluation dataset.191

To improve the quality of the generation data,192

we perform prompt optimization based on error193

feedbacks to refine the generation prompt before194

large-scale data generation. We then aggregate the195

generated data into multiple QA formats. Below,196

we discuss the key components of our HaluAgent.197

3.1 Automatic Generation with Agentic198

Framework199

Several recent works on hallucination benchmarks200

leverage LLMs to help create evaluation data. How-201

ever, such methods (Li et al., 2023) require manual202

annotation to modify and validate LLM-generated203

outputs. As illustrated in Figure 3, our approach de-204

composes data construction into generation and ver-205

ification modules. HaluAgent automatically gen-206

erates QA data and verifies the correctness of the207

generated data with predefined strict manual rules.208

By prompting the Qwen-2-72B-Instruct model,209

we build multiple data-generation agents and veri-210

fication agents to generate and check the data. For211

each agent, the prompt structure begins with an ini-212

tial instruction that specifies the task, followed by a213

2Other LLMs can be used to construct the evaluation data
as well.

set of rules outlining the task requirements. It also 214

includes a selection of example inputs accompa- 215

nied by their manually constructed outputs. Finally, 216

the prompt ends with the target input for which the 217

agent needs to generate a target output or check 218

the given inputs. By providing this comprehensive 219

prompt, we aim to teach the model to generate data 220

according to the requirements and verify it based 221

on the input rules. 222

The generation process is divided into three parts. 223

Firstly, HaluAgent extracts knowledge from the 224

knowledge document and generates the question 225

and its correct answer. Then, HaluAgent generates 226

hallucinated responses using the question and cor- 227

rect answer as input. Hallucinated responses are 228

responses to the question that are inconsistent with 229

the provided facts. Finally, HaluAgent takes the 230

hallucinated responses and the correct answer as 231

input to generate the hallucination label for each 232

hallucinated response. We currently distinguish six 233

types of LLM hallucination (Table 1). Different 234

types of hallucinations are exemplified in Table 7 235

in the appendix. The generated hallucination label 236

specifies the type of hallucination in the halluci- 237

nated responses. 238

To check the correctness of the generated QA 239

data, we introduce the verification module within 240

HaluAgent. Similar to the generation process, the 241

verification process consists of three parts, namely 242

correctness check, hallucination check and label 243

check. Firstly, HaluAgent checks whether the cor- 244

rect answer is a valid response to the question 245

based on the extracted knowledge. Then, Halu- 246

Agent checks whether the generated hallucinated 247
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responses are responses that contain hallucinated248

content. Finally, HaluAgent performs a label check249

to determine whether the hallucination label sat-250

isfies the definition of the hallucination type. We251

manually design verification rules for each halluci-252

nation type. If the generated data does not satisfy253

our proposed rules, we consider it as unqualified254

data. If HaluAgent is uncertain about the correct-255

ness of the input, it filters out such cases to ensure256

the quality of the generated data. Detailed rules are257

provided in Appendix A.258

3.2 Prompt Optimization259

Despite careful design, existing studies have shown260

that directly prompting LLMs (even GPT-4) to gen-261

erate QA data still results in suboptimal quality262

(Long et al., 2024; Gu et al., 2024). We believe this263

might stem from the incomprehensive of the ini-264

tial prompt and its stylistic inconsistency with the265

LLM. With meticulously designed requirements266

and a selection of examples for data generation,267

only 62.50% of the data generated by Qwen-72B268

model with the initial few-shot prompting is quali-269

fied in a sampled subset (Table 3). The low valida-270

tion rate brings two major problems: 1) Reduced271

data volume: Due to the high rejection rate of272

generated data, the actual number of qualified eval-273

uation samples we obtain is reduced. 2) Increase274

of resource consumption: A large amount of com-275

puting resources are wasted on the generation of276

unqualified data.277

Therefore, improving the validation rate of gen-278

erated data is critical for automating the process279

of data construction. We introduce prompt opti-280

mization to refine the prompt for data generation,281

making it more detailed and accurate, and better282

aligned with the LLM style. Our proposed prompt283

optimization follows a multi-round iterative frame-284

work. The optimization process samples a small285

number of knowledge documents to construct the286

training and validation datasets. We use the verifi-287

cation module to output error feedback for unqual-288

ified data and introduce an optimization agent to289

help optimize prompts. In each round of optimiza-290

tion, the optimization agent modifies the generation291

prompt according to the error feedback and gen-292

erates a set of candidate optimized prompts. We293

select the optimal prompt for the next round of op-294

timization based on the validation rate of the gener-295

ated data conditioned on the candidate prompts.296

Corr. Halu. Label αcorr αhalu αlabel

W/o Ver 96.33% 92.00% 76.00% 0.87 0.79 0.82
W/Ver 98.67% 99.00% 94.33% 0.80 0.89 0.71

Table 2: Human annotation results on the verified QA
data. Corr., Halu. and Label denote the accuracy of
correction check, hallucination check and label check
given by human annotators respectively. We also pro-
vide αcorr, αhalu and αlabel, which denote the Krip-
pendorff’s alpha (Krippendorff, 2004) of human annota-
tion.

3.3 Aggregation for Multiple QA Formats 297

With the optimized prompt, we employ HaluA- 298

gent for large-scale data generation. For each input 299

knowledge document, we first generate the raw data 300

needed for constructing QA pairs, including the 301

question, the correct answer, three possible halluci- 302

nated responses, and the hallucination labels. We 303

construct questions for single-choice QA and true- 304

or-false QA with the templates. In single-choice 305

QA, we randomly shuffle the order of the options 306

to prevent potential bias. 307

3.4 HaluAgent Results 308

To assess the effectiveness of HaluAgent, we con- 309

duct experiments to illustrate the contribution of 310

the verification module and evaluate the impact of 311

prompt optimization. 312

The verification module in HaluAgent effec- 313

tively detects problematic data. To analyze the 314

role of the verification module in HaluAgent, we 315

compare the quality of the generated data with 316

and without the verification module through human 317

evaluation. Human annotators are recruited to label 318

the correctness of the generated correct answers, 319

the hallucinated responses, and the hallucination la- 320

bels given the extracted knowledge. We randomly 321

sample 300 generated correct answers, hallucinated 322

responses, and hallucination labels from the veri- 323

fied dataset and the original dataset respectively for 324

evaluation. We employ three human annotators for 325

each sample. The human annotators are provided 326

with the designed rules to guide their annotations. 327

In cases of inconsistent annotations, we adopt a vot- 328

ing mechanism to select the majority label as the 329

final human annotation result. Detailed instructions 330

for human evaluation are provided in Appendix B. 331

Table 2 provides the comparison of data correctness 332

with and without the verification module. The veri- 333

fication module in HaluAgent effectively identifies 334

errors in the generated data, thereby improving the 335

accuracy evaluated by human annotation. 336
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Iteration Corr.↑ Halu.↑ Label↑ Overall↑

0 97.50% 88.00% 71.00% 62.50%
1 97.10% 95.65% 85.51% 81.16%
2 98.55% 98.55% 88.41% 88.41%
3 95.38% 92.31% 87.85% 86.15%

Table 3: The validation rate of generated data on the
validation set after each round of prompt optimization.
Corr., Halu. and Label denote the pass rate of correction
check, hallucination check and label check respectively.
The overall column illustrates the pass rate of all three
checks.

Prompt optimization helps improve data gen-337

eration quality. As human evaluation demon-338

strates the effectiveness of the verification module,339

we subsequently adopt the verification module to340

evaluate and enhance the performance of the gen-341

eration module. We sample 60 and 20 knowledge342

documents from various domains as the training343

and validation inputs. We set the maximum num-344

ber of prompt optimization iterations to five. If345

the validation rate on the validation set decreases346

during the optimization process, we terminate the347

prompt optimization early and select the optimal348

prompt on validation set as the final result. As il-349

lustrated in Table 3, we provide the performance of350

the generated data at different iteration stages dur-351

ing the prompt optimization process. Through two352

rounds of iteration, the generation prompt achieves353

the best performance on the validation set, with354

an overall success rate of 88.41%, surpassing the355

initial result by 25.91%.356

Optimized prompt enhances the clarity and357

details of the prompt. To investigate how Halu-358

Agent modifies the prompt during the prompt op-359

timization process, we manually examine prompt360

cases during optimization. Figure 4 presents the361

original and optimized prompts for defining spa-362

tiotemporal error when generating hallucination363

labels. Prompt optimization adds more details and364

requirements to the generation process, making the365

objectives more clear. In addition, the optimization366

incorporates examples into the generated content to367

enhance the clarity of the explanations. The com-368

plete results of prompt optimization are presented369

in Figure 7 in the Appendix.370

4 C-FAITH: A Chinese Fine-Grained371

Question Answering Benchmark372

Using our HaluAgent method, detailed in Section 3,373

we introduce C-FAITH, a Chinese fine-grained QA374

hallucination benchmark. By converting knowl-375

Original prompt
时空幻觉:问题是对时间或空间提问，正确答案和
幻觉回复都是时间或空间概念。
Spatiotemporal Error: The question asks about time or 

space, with the correct answer and the hallucinated 

response containing correct and incorrect time or space 

concepts respectively.

Optimized prompt

时空幻觉:问题是对时间或空间提问，正确答案和
幻觉回复都是时间或空间概念，但回复中的时间
或空间信息与正确答案不符。例如，当询问某个
事件发生的时间时，幻觉回复给出了一个明显错
误的时间点。
Spatiotemporal Error: The question asks about time 

or space, with the correct answer and the hallucinated 

response containing correct and incorrect time or 

space concepts respectively. For example, when 

asking about the time an event occurred, the 

hallucinated response provides a clearly incorrect 

timestamp.

Figure 4: The prompt optimization case of spatiotempo-
ral error definition in hallucination label generation.

edge documents from various domains into ques- 376

tion answering evaluation data, C-FAITH covers 377

multiple domains. This benchmark provides a scal- 378

able resource for Chinese hallucination evaluation 379

with fine-grained error types. 380

Overall Gen. Choice. True/False.

60,702 16,713 10,563 33,426

Table 4: Data Statistics of our proposed C-FAITH.

4.1 Dataset Overview 381

We retrieve 1,399 knowledge documents from sev- 382

eral Chinese databases including Wikipedia-CN3, 383

Baidu Baike4, Sougou Baike5. These documents 384

cover six major topics: Celebrities, Entertainment, 385

Education, Astogeography, Biology, and Culture. 386

We categorize the hallucination type of a question 387

based on the primary hallucination category of the 388

generated hallucinated responses. This hallucina- 389

tion type represents the specific type of hallucina- 390

tion the question is designed to induce6. HaluA- 391

gent generates various types of questions from each 392

knowledge document to elicit different hallucina- 393

tions. Since hallucinated responses to the same 394

question may be highly similar, we perform dedu- 395

plication for single-choice QA. Only single-choice 396

QA data containing distinct hallucinated options 397

3https://zh.wikipedia.org/
4https://baike.baidu.com/
5https://baike.sogou.com/
6This hallucination type is the type that LLMs are most

likely to generate and can also be referred to as the primary
hallucination type.
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Model Gen. ↓ Choice. ↓ True/False. ↓ Ova. ↓

GPT-4o 25.17 10.40 14.30 16.53
GPT-4 43.43 22.58 22.85 28.88

GPT-3.5 45.69 42.60 38.70 45.19
Doubao-pro-32k 34.69 17.42 22.51 23.96
moonshot-v1-8k 44.42 25.48 26.93 31.99
DeepSeek-V2.5 29.65 17.62 19.35 22.31
DeepSeek-V3 24.25 11.60 16.70 17.52
ChatGLM-6B 65.79 37.30 43.90 44.80

GLM4-9B 50.55 31.10 33.80 36.01
LLaMA-3.1-8B 67.75 41.60 33.15 45.62
LLaMA-3.1-70B 56.69 19.30 28.25 36.79
LLaMA-3.3-70B 44.88 19.20 23.20 28.77

Yi-1.5-34B 43.26 23.70 24.90 29.26
Qwen-2.5-14B 58.06 19.60 24.85 29.46
Qwen-2.5-32B 41.22 17.90 21.25 27.13
Qwen-2.5-72B 32.63 14.40 16.40 20.82

Table 5: The hallucination rate(%) of the generated con-
tent from various LLMs. We calculate the hallucination
rate of LLMs across the three formats of QA data and
computed their average as the overall hallucination rate.
We bold the best-performing model and underline the
second-best-performing model.

are retained. The statistics and distribution of the398

C-FAITH dataset are shown in Table 4 and Figure399

6, including the distribution of topics and halluci-400

nation types for the questions in C-FAITH. Finally,401

we evaluate various LLMs using the proposed C-402

FAITH dataset.403

4.2 Experimental Settings404

Models We evaluate 16 LLMs with C-FAITH,405

including GPT-4o, GPT-4 (OpenAI et al., 2024),406

GPT-3.5(Brown et al., 2020), Doubao-pro-32k,407

moonshot-v1-8k, DeepSeek-V2.5, DeepSeek-V3408

(DeepSeek-AI, 2024), ChatGLM3-6B (Du et al.,409

2022), GLM4-9B (GLM et al., 2024), LLaMA-3.1-410

8B-Instruct, LLaMA-3.1-70B-Instruct, LLaMA-411

3.3-70B-Instruct (Grattafiori et al., 2024), Yi-412

1.5-34B (AI et al., 2024), Qwen-2.5-14B-413

Instruct, Qwen-2.5-32B-Instruct and Qwen-2.5-414

72B-Instruct (Qwen-Team, 2024). We adopt the415

same decoding settings (temperature=1, top_p=0.7)416

for all LLMs.417

Metrics The evaluation is conducted in the zero-418

shot setting. We calculate the hallucination rate of419

LLM generations as the evaluation metric. For gen-420

erative QA, to evaluate whether the LLM output421

contains hallucination, we employ GPT-4o to deter-422

mine if the LLM output conflicts with the correct423

response. If a conflict is identified, the LLM output424

is considered to be hallucinated. For single-choice425

QA and true-or-false QA, we determine the correct-426

ness of the LLM output with the correct answer by427

directly comparing it with the correct answer. We428

calculate the average hallucination rate across the 429

three QA formats as the overall hallucination rate 430

for each LLM. 431

4.3 Results and Analysis 432

Table 5 presents the experimental results for 16 dif- 433

ferent LLMs. In general, GPT-4o shows the lowest 434

overall hallucination rate, followed by DeepSeek- 435

V3 and Qwen-2.5-72B-Instruct. Deepseek-v3 per- 436

forms well in the the generative QA task achieving 437

a lower hallucination rate than GPT-4o. Among the 438

various QA formats, LLMs are more prone to gen- 439

erating hallucinations in generative QA tasks, lead- 440

ing to lower response accuracy. In most cases, the 441

models exhibit similar relative performance across 442

the three QA formats. However, some LLMs, such 443

as LLaMA-3.1-70B, show low accuracy in gener- 444

ative QA but perform well in single-choice QA, 445

even achieving higher accuracy than GPT-4. 446

In addition, we observe the following insights: 447

Larger LLMs generally exhibit lower over- 448

all hallucination rate. As expected, scaling up 449

model sizes typically leads to low hallucination 450

rates. Under the same model architecture, such as 451

in the Qwen-2.5 series and LLaMA3 models, the 452

hallucination rate decreases as the model’s parame- 453

ter size increases across all three QA formats. 454

A significant difference exists in hallucination 455

rate across different hallucination types. As 456

C-FAITH provides the hallucination label for each 457

question, we analyze the impact of hallucination 458

label on the hallucination rate of LLM response. 459

We focus on experimental results of generative QA 460

data. Table 6 summarizes the hallucination rate of 461

LLM responses conditioned on different hallucina- 462

tion labels. LLMs have their own strengths when 463

responding to questions of different hallucination 464

labels. For example, the Qwen series achieve low 465

hallucination rate when addressing quesitions re- 466

lated to attribute errors, while performimg poorly 467

when handling spatiotemporal-related questions. 468

For the vast majority of LLMs, the probabil- 469

ity of hallucinated generation is high when faced 470

with questions meant to induce entity errors and 471

spatiotemporal errors. On one hand, this is be- 472

cause the answers to these types of questions are 473

deterministic and unique. Therefore, any discrep- 474

ancy between the LLM generation and the facts 475

results in hallucination. On the other hand, LLMs 476

are generally prone to entity confusion and erro- 477

neous memory of time and location information. 478
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Model Overall↓ FactFab↓ AttrErr↓ EntErr↓ RelErr↓ SpaErr↓ RefErr↓

GPT-4o 25.17 22.43 13.01 31.77 15.15 35.68 10.00
GPT-4 43.43 38.82 24.49 55.71 30.30 54.92 30.00

GPT-3.5 54.31 52.96 33.61 67.95 30.30 65.36 30.00
Doubao-pro-32k 34.69 44.44 21.43 38.61 35.71 40.89 30.00
moonshot-v1-8k 44.42 45.20 25.04 53.71 36.36 57.55 30.00
DeepSeek-V2.5 29.65 30.96 14.62 35.30 18.18 41.97 23.33
DeepSeek-V3 24.25 24.69 10.98 27.49 18.18 38.96 16.67

ChatGLM3-6B 65.79 67.49 50.50 72.80 42.42 77.98 50.00
GLM4-9B 50.55 53.25 29.03 59.89 36.36 65.80 36.67

LLaMA-3.1-8B-Instruct 67.75 65.33 50.17 78.43 42.42 80.05 50.00
LLaMA-3.1-70B-Instruct 56.69 55.73 41.95 65.38 60.61 64.77 36.67
LLaMA-3.3-70B-Instruct 44.88 41.80 27.35 56.04 30.30 55.70 26.67

Yi-1.5-34B 43.26 41.18 22.32 55.08 33.33 56.22 33.33
Qwen-2.5-14B-Instruct 41.94 41.80 19.63 51.99 39.39 59.07 20.00
Qwen-2.5-32B-Instruct 41.22 39.44 20.34 51.92 36.36 55.96 24.14
Qwen-2.5-72B-Instruct 32.63 33.75 16.11 39.42 27.27 45.85 13.33

Table 6: The hallucination rates(%) of LLM responses across different hallucination types on generation QA.
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Figure 5: The false negative and false positive error rates of LLMs when facing true-or-false questions.

Through fine-grained hallucination classification,479

we help identify the main category of hallucination480

in LLMs, providing guidance for targeted halluci-481

nation mitigation strategies.482

Most LLMs are more likely to be fooled by483

the input hallucinated content. For true-or-false484

QA, we categorize LLM errors into two types: false485

negative (where the model incorrectly classifies a486

hallucinated response as correct) and false posi-487

tive (where the model incorrectly classifies a cor-488

rect response as hallucinated). In Figure 5, we489

present a comparison of false negative and false490

positive error rates across different LLMs. Except491

for a few LLMs such as LLaMA-3.1-70B, most492

models exhibit a higher probability of generating493

false negatives than false positives. Models such as494

ChatGLM-6B and LLaMA3.1-8B exhibit a signifi-495

cantly higher false negative error rate compared to496

the false positive error rate. Even GPT-4 exhibits 497

a clear bias to generate false negative errors. This 498

phenomenon suggests that most LLMs tend to ac- 499

cept the input content as valid, even when the input 500

itself contains hallucinations. 501

5 Conclusion 502

We address the limitations in automated fine- 503

grained question answering benchmarks for hal- 504

lucination evaluation by introducing HaluAgent, a 505

multi-agent system that automatically constructs 506

hallucination benchmarks. HaluAgent effectively 507

creates questions, correct answers, hallucinated re- 508

sponses and hallucination labels according to the 509

input knowledge document. Building on this, C- 510

FAITH provides a benchmark of 60,702 QA data in 511

total, providing a new fine-grained scalable bench- 512

mark for LLM hallucination evaluation. 513
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Limitations514

Currently, the C-FAITH evaluation dataset encom-515

passes six types of hallucinations. We plan to refine516

and correct any misclassifications to ensure a more517

comprehensive evaluation of hallucinations. In ad-518

dition, our dataset primarily focuses on six general519

knowledge domains. We aim to expand the evalua-520

tion to include other fields, such as healthcare and521

finance.522
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A Manual rules in the verification module765

We provide the manual rules used in the verification766

module in this section.767

B Human Evaluation768

We provide our human evaluation guideline fur-769

nished to participants for manually evaluating the770

correctness of the generated correct answer, hal-771

lucinated response and hallucination label. We772

recruited three Chinese college students for annota-773

tion.774

Human Evaluation Instructions

感谢参与本次标注任务！我们目前正在进行一
个幻觉研究项目，需要评价生成幻觉评测数据
的正确性。我们生成的数据包含问题、正确答
案、背景知识、幻觉答复和幻觉标签。我们需
要您评价正确答案正确性（要求：正确答案是
对问题的正确回答，背景知识可以视为正确的
事实）、幻觉回复的幻觉性（要求：幻觉答案
中包含与背景知识不一致的幻觉的表述）、幻
觉标签正确性（要求：幻觉标签与给出的幻觉
标签的定义相符合）。具体的幻觉标签的定义
如下：
虚构事实：[幻觉回复]必须包含不存在的概念或
无法被现有资料证实的伪事实。[幻觉回复]中包
含的内容在现实世界中没有实际依据，或者是
错误地捏造出来的。例如，完全虚构的事件、
人物、地点或其他无法查证的事实。如果[问
题]中明确要求描述事物的某些属性，如功能、
特征、组成等时，一律归为属性错误而不符合
虚构事实的要求。
属性错误：[问题]中明确要求描述事物的某些属
性，如功能、特征、组成等，而[幻觉回复]中包
含对这些实体属性的错误表述。
实体错误：[问题]应针对具体实体进行提问。实
体指的是特定的、具有实际存在或明确身份的
事物，例如人名、地名、作品名、事件名、概
念等。[幻觉回复]包含与[正确答案]或已知世界
知识相矛盾的错误实体，例如人名、事件名、
书籍、电影等。实体错误专注于对已知实体的
错误描述。实体通常是现实世界中已经明确存
在的东西，所以这个错误不涉及虚构内容，而
是对已经存在的事物进行错误的归类或描述。
时空幻觉：[幻觉回复]必须涉及时间、空间或特
定时期的描述。时空幻觉仅限于时间或地点描
述错误，不包括对事件本身的内容或属性的误
解。如果对事件本身内容表述有误，归类于虚
构事实或属性幻觉。
关系错误：[幻觉回复]必须包含对不同实体之
间的比较，而不是单独对每个实体的描述。[幻
觉答案]与[正确答案]在描述不同实体之间关系
时，必须存在不一致。
虚假引用：[幻觉回复]中必须包含虚假的引用或
链接。

775

11

https://arxiv.org/abs/2307.03987
https://arxiv.org/abs/2307.03987
https://arxiv.org/abs/2307.03987
https://arxiv.org/abs/2307.03987
https://arxiv.org/abs/2307.03987
https://doi.org/10.18653/v1/2020.acl-main.450
https://doi.org/10.18653/v1/2020.acl-main.450
https://doi.org/10.18653/v1/2020.acl-main.450
https://arxiv.org/abs/2401.11817
https://arxiv.org/abs/2401.11817
https://arxiv.org/abs/2401.11817
https://arxiv.org/abs/2309.03409
https://doi.org/10.18653/v1/2023.findings-emnlp.256
https://doi.org/10.18653/v1/2023.findings-emnlp.256
https://doi.org/10.18653/v1/2023.findings-emnlp.256


Manual rules for verification

正确答案检测：
假设你是一个中文问答正确性检验者。请根据给定的背景知识，判断所给答案是否是问题的正确回复并给出
理由。具体对问答的要求如下：
1. [问题]必须能够在[背景知识]中找到正确答案。
2. [正确答案]必须是对问题的正确回复。
3. [正确答案]必须与背景知识相符，背景知识可以视为正确的事实。
4. [正确答案]自身必须符合事实和逻辑，足够合理。
<例子>
幻觉回复检测：
假设你是一个中文问答错误性检验者。请根据给定的背景知识，判断所给幻觉答案是否是问题的错误回复并
给出理由。具体对问答的要求如下：
1. [幻觉答案]必须是对问题的错误回复。
2. [幻觉答案]必须与背景知识相违背，或与背景知识中的逻辑和信息不符。
3. [幻觉答案]自身必须符合事实和逻辑，足够合理。
<例子>
幻觉标签检测：虚构事实：假设你是一个幻觉类型检测员。请根据给定的要求判断是否存在虚构事实，并
提供理由。具体要求如下：
1. [幻觉答案]必须包含不存在的概念或无法被现有资料证实的伪事实。[幻觉答案]中包含的内容要么是完全
不存在的概念，要么是无法通过现有可靠资料证实的伪事实。这些内容在现实世界中没有实际依据，或者是
错误地捏造出来的。例如，完全虚构的事件、人物、地点或其他无法查证的事实。
2. [幻觉答案]与[正确答案]在事实或概念的表述上存在不一致，必须包含完全虚构的内容，与现实完全不
符。[幻觉答案]中的内容应与[正确答案]在事实或概念上的表述完全不一致。这个不一致不是简单的误解或
错误，而是包含了完全虚构的部分，和现实世界或公认的事实有根本的区别。例如，错误地描述一个不存在
的历史事件，或提供一个没有任何依据的虚构数据。
3. [问题]中明确要求描述事物的某些属性，如功能、特征、组成等时，一律归为属性错误而不符合虚构事实
的要求。
属性错误：假设你是一个幻觉类型检测员。请根据给定的要求判断是否存在属性错误，并提供理由。具体要
求如下：
1. [问题]明确要求描述事物的某些属性，如功能、特征、组成等。[问题]本身会清楚地要求对某个具体实体
或事物的属性进行描述。例如，问题可能询问某个物体的功能、组成、外观特征、用途、资格等。[问题]并
不要求实体的整体或身份描述，而是聚焦于对该事物的某些具体属性的说明。
2. [幻觉答案]中包含对现实世界存在的物体进行错误的属性描述，通常是误导性的或完全不符合该事物的实
际特性。[幻觉答案]将现实世界中的某个物体或事物的属性描述错误。这些错误的属性描述通常表现为错误
的功能描述、错误的外观特征描述、错误的组成描述等。
3. [幻觉答案]与[正确答案]对实体属性的描述存在不一致。这种差异不仅仅是表述上的不一致，而是指对该
事物核心属性的描述发生了根本错误或误解。例如，描述某个物体的特征时，幻觉答案的描述与正确答案显
著不符，导致用户得到一个错误的认知。
实体错误：假设你是一个幻觉类型检测员。请根据给定的要求判断是否存在实体错误，并提供理由。具体要
求如下：
1. [问题]应针对具体实体进行提问。实体指的是特定的、具有实际存在或明确身份的事物，例如人名、地
名、作品名、事件名、概念等。[问题]应聚焦于这些实际存在的具体对象，而不是抽象概念。
2. [幻觉答案]包含与[正确答案]或已知世界知识相矛盾的错误实体，例如人名、事件名、书籍、电影等。实
体错误专注于对已知实体的错误描述。实体通常是现实世界中已经明确存在的东西，所以这个错误不涉及虚
构内容，而是对已经存在的事物进行错误的归类或描述。例如，如果问题问某部电影的导演，而幻觉答案给
出了错误的导演名字，尽管电影确实存在，错误的名字就构成了实体错误。
时空幻觉：假设你是一个幻觉类型检测员。请根据给定的要求判断是否存在时空幻觉，并提供理由。具体要
求如下：
1. [幻觉答案]必须涉及时间、空间或特定时期的描述。[幻觉答案]需要明确描述与时间（如年份、日期、时
刻等）或空间（如地点、地理位置等）相关的内容。这种描述通常与事件发生的时刻、地点、持续时间等信
息密切相关。比如提到某事件发生的具体年份、发生地点或涉及的时间范围。
2. [幻觉答案]与[正确答案]在时间或空间的描述上存在不一致。[幻觉答案]中的时间或空间信息必须与正确答
案的实际时间或空间信息不符。这种不一致通常表现为错误的年份、日期、时刻，或是错误的地点描述。
3. 时空幻觉仅限于时间或地点描述错误，不包括对事件本身的内容或属性的误解。[幻觉答案]中对事件或属
性描述的具体内容必须正确，只有时间或空间部分出错。
关系错误：假设你是一个幻觉类型检测员。请根据给定的要求判断是否存在关系错误，并提供理由。具体要
求如下：
1. [幻觉答案]必须包含对不同实体之间的比较，而不是单独对每个实体的描述。
2. [幻觉答案]与[正确答案]在描述不同实体之间关系时，必须存在不一致。
虚假引用：假设你是一个幻觉类型检测员。请根据给定的要求判断是否存在虚假引用，并提供理由。具体要
求如下：
1. [幻觉答案]中必须包含引用或链接。
2. [幻觉答案]中的引用或链接必须是虚构的，实际上这些引用和链接并不存在，或与[正确答案]中给出的引
用和链接不一致。
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Hallucination type Question Hallucinated Response

FactFab Tell me about the historical origins of unicorns. Unicorns were documented to have roamed the
plains of Atlantis around 10,000 BC, where they
were considered sacred creatures and were often
associated with royalty.

AttrErr Please introduce the function of a pen. Pens are primarily used for painting. They are
usually made of metal, and do not use ink.

EntErr Which film won the Palme d’Or at the 75th
Cannes Film Festival?

The Palme d’Or at the 75th Cannes Film Festival
was awarded to the French film The Noon Star.

RelErr Who was born first, Aaron Gillespie or Nathan
Leone?

Aaron Gillespie was born before Nathan Leone.

SpaErr What is Rembrandt Halmensson van Rijn’s date
of birth?

June 14, 1605.

RefErr Give me five of the most influential research
articles on large model hallucinations.

Towards a Rigorous Science of Neural Language
Models" by LeCun et al. (which actually does
not exist)

Table 7: Examples of specific subtypes of hallucinations.
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Figure 6: General Overview of C-FAITH dataset, containing topic and hallucination type distribution of the dataset.
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Original rules for hallucinated response

Optimized rules for hallucinated response

1.生成的幻觉回复必须与问题相关，是一个问题的回复，同时应巧
妙地结合相关但非直接关联的信息以增加迷惑性。
2.生成的幻觉回复必须与依据不一致，但应巧妙地融入部分真实信
息以增加迷惑性。
3.生成的幻觉回复必须与正确答案不一致，特别是对于单项得分要
求的部分，可以提出一些看似合理但实际上与常规考试标准相违背
的条件，同时确保这些条件在背景知识中没有直接反驳。
4.生成的幻觉回复只需要包含回复本身，不能包含解释。同时，应
确保其表述方式看似合理，能够吸引不了解背景知识的人信以为真，
并在可能的情况下引用一些虚构或误解的数据、研究或权威观点来
加强说服力。
1. The generated hallucinated response must be relevant to the question 

and serve as a response, while subtly incorporating related but not 

directly relevant information to enhance misleading potential.

2. The generated hallucinated response must be inconsistent with the 

given background knowledge but should skillfully integrate partial truths 

to increase plausibility.

3. The generated hallucinated response must differ from the correct 

answer. Specifically, for components requiring individual scoring, it may 

introduce seemingly reasonable conditions that actually contradict 

standard assessment criteria, while ensuring that these conditions are not 

explicitly refuted in the background knowledge.

4. The generated hallucinated response should contain only the response 

itself, without any explanation. Additionally, its wording should appear 

reasonable enough to convince those unfamiliar with the background 

knowledge. Where possible, it may reference fabricated or misinterpreted 

data, research, or authoritative opinions to enhance its persuasiveness.

1.生成的幻觉回复必须与问题相关，是一个问题的回复。
2.生成的幻觉回复必须与依据不一致。
3.生成的幻觉回复必须与正确答案不一致。
4.生成的幻觉回复只需要包含回复本身，不能包含解释。
1. The generated hallucinated response must be relevant to the question and 

serve as a response to it.

2.The generated questions must be related to the background knowledge.

3. The generated answers must be the correct responses to the generated 

questions.

4. The generated answers must be factually accurate and logically sound.

Original rules for question generation

Optimized rules for question generation

1.生成的问题必须尽可能难，但应确保答案能在给定的背景知识中找
到依据。
2.生成的问题必须与背景知识相关，避免引入无关信息导致答案的不
确定性。
3.生成的答案必须是生成问题的正确回复，且应基于背景知识中的具
体信息，避免假设和常识性的推断。
4.生成的答案必须符合事实和逻辑，不能与常识相悖。
1. The generated questions must be as challenging as possible while 

ensuring that their answers can be substantiated by the provided 

background knowledge.

2.The generated questions must be relevant to the background knowledge, 

avoiding the introduction of extraneous information that could lead to 

answer uncertainty.
3. The generated answers must be the correct responses to the 

corresponding generated questions and should be based on specific 

information from the background knowledge, avoiding assumptions and 

commonsense-based inferences.

4. The generated answers must be factually and logically consistent, 

without contradicting common sense.

1.生成的问题必须尽可能难。
2.生成的问题必须与背景知识相关。
3.生成的答案必须是生成问题的正确回复。
4.生成的答案符合事实和逻辑。
1.The generated questions must be as difficult as possible.

2.The generated questions must be related to the background knowledge.

3. The generated answers must be the correct responses to the generated 

questions.

4. The generated answers must be factually accurate and logically sound.

Original prompt for hallucination label

Optimized prompt for hallucination label

虚构事实: 幻觉回复犯了事实编造的错误，即提供了与现实世界不相符的信
息。
属性错误: 问题询问某事物的特征，幻觉回复对相关信息的介绍有误，尤其
是对现实世界存在的物体或概念进行错误的属性描述。如果讨论的是抽象概
念（如考试要求）而非具体物体的属性，那么错误描述应与该抽象概念的本
质特征相悖。当回答中夸大了某些特征的独特性和难度，即使这些特征确实
存在，但与背景知识或常识中的普遍情况不符时，也属于属性错误。
实体错误: 正确答案是一个实体，并且幻觉回复是错误的实体，即问题要求
回答某一特定实体，而回复中提供了另一个不相关的实体。例如，当被问及
某个具体人物时，回复提到了一个完全不同的个人。
时空幻觉: 问题是对时间或空间提问，正确答案和幻觉回复都是时间或空间
概念，但回复中的时间或空间信息与正确答案不符。例如，当询问某个事件
发生的时间时，幻觉回复给出了一个明显错误的时间点。
关系错误: 问题必须要求对不同实体进行比较，而不是对实体分别提问，幻
觉回复中也必须包含错误的实体关系。在进行比较时，不仅需要识别出比较
对象之间的关系描述是否准确，还需判断这种比较是否基于正确的信息基础
之上。
虚假引用: 幻觉回复引用名人名言、书籍或是网站等来源的知识佐证回复，
但这引用的知识是错误的，与事实不一致。需要确认引用来源的真实性和准
确性。
Factual Fabrication: The hallucinated response contains fabricated information 

that does not align with reality.

Attribute Error: The question asks about the attribute of something, but the 

hallucinated response provides incorrect information. This includes misattributing 

properties to real-world objects or concepts. If the discussion pertains to abstract 

concepts (e.g., examination requirements) rather than physical attributes, the error 

should contradict the fundamental nature of that concept. Additionally, 

exaggerating the uniqueness or difficulty of certain features—despite their 

existence—constitutes an attribute error if such claims contradict background 

knowledge or common understanding.

Entity Error: The correct answer is a specific entity, but the hallucinated response 

presents an incorrect entity. This occurs when the question requires a response 

about a particular entity, but the reply introduces an entirely unrelated one. For 

example, if asked about a specific historical figure, the response mistakenly 

mentions a completely different person.

Spatiotemporal Error: The question pertains to time or space, and while both the 

correct answer and the hallucinated response involve temporal or spatial concepts, 

the response provides incorrect temporal or spatial information. For instance, when 

asked about the date of an event, the hallucinated response gives an obviously 

incorrect timeframe.

Relation Error: The question must involve a comparison between different 

entities rather than addressing them separately. The hallucinated response must 

contain incorrect relationships between entities. When making comparisons, it is 

necessary to verify whether the description of relationships is accurate and whether 

the comparison is based on a correct factual foundation.

Reference Error: The hallucinated response references knowledge from sources 

such as famous quotes, books, or websites to support its claim, but the cited 

knowledge is incorrect and inconsistent with facts. It is essential to verify the 

authenticity and accuracy of the cited sources.

虚构事实:幻觉回复犯了事实编造的错误。
属性错误:问题询问某事物的特征，幻觉回复对相关信息的介绍有误。
实体错误:正确答案是一个实体，并且幻觉回复是错误的实体。
时空幻觉:问题是对时间或空间提问，正确答案和幻觉回复都是时间或空间概
念。
关系错误:问题必须要求对不同实体进行比较，而不是对实体分别提问，幻觉
回复中也必须包含错误的实体关系。
虚假引用:幻觉回复引用名人名言、书籍或是网站等来源的知识佐证回复，但
这引用的知识是错误的，与事实不一致。
Factual Fabrication: The hallucinated response contains factual fabrications.

Attribute Error: The question asks about the attribute of something and the 

hallucinated response provides incorrect information in the introduction.

Entity Error: The correct answer is an entity, but the hallucinated response presents 

an incorrect entity.

Spatiotemporal Error: The question pertains to time or space, and both the correct 

answer and the hallucinated response involve temporal or spatial concepts.

Relation Error: The question must require a comparison between different entities 

rather than asking about them separately, and the hallucinated response must contain 

incorrect entity relationships.

Reference Error: The hallucinated response references knowledge from sources such 

as famous quotes, books, or websites to support its claim, but the cited knowledge is 

incorrect and inconsistent with facts.

Figure 7: Original prompt and optimized prompt for data generation.
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