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Abstract001

Although context windows have expanded sig-002
nificantly in recent years, hallucinations in003
long-context summarization remain a chal-004
lenge. Long novels are better suited than005
news or papers for researching these halluci-006
nations, due to their intrinsic information and007
detailed descriptions of events and dialogues.008
However, current research lacks a multi-scale009
benchmark for hallucination detection in long-010
context novel summarization and does not fully011
explore how hallucinations change as the con-012
text grows longer. In this study, we propose013
LongNovel, a multi-scale long-context Chi-014
nese novel benchmark for hallucination detec-015
tion. This benchmark is constructed from 29016
books, ranging from 2k to 100k tokens. We de-017
sign 8 hallucination types and employ a combi-018
nation of Multi-Model Arbitration and Entity-019
Referenced Hallucination Generation to ensure020
both data authenticity and a balanced distribu-021
tion of hallucination categories. Furthermore,022
we manually revise the contents in the test set023
to guarantee data reliability. Extensive experi-024
mental results demonstrate that LongNovel is025
a challenging benchmark. We release Long-026
Novel for future research.1027

1 Introduction028

While the expansion of context windows for Large029

Language Models (LLMs) to 100k tokens or030

more (Chen et al., 2024b; Peng et al., 2024; Ding031

et al., 2024) has enabled the processing of long-032

form content, this increased capacity does not in-033

herently resolve the issue of hallucinations in long-034

context summarization (Kim et al., 2024; Belém035

et al., 2025; Pal et al., 2023). Novel summa-036

rization is well-suited for researching hallucina-037

tions in long-context summarization because it038

requires inferring implicit information from dia-039

logues and events, which is more complex than040

1https://anonymous.4open.science/r/
LongNovel-60B194

processing the explicit data found in news or aca- 041

demic papers (Karpinska et al., 2024a; Kryscin- 042

ski et al., 2022; Kim and Kim, 2025). While 043

traditional metrics like ROUGE (Lin, 2004) and 044

BERTScore (Zhang et al., 2020) are limited to lex- 045

ical or semantic similarity, other NLI-based ap- 046

proaches such as SummaC (Laban et al., 2022) and 047

AlignScore (Zha et al., 2023) often fail to detect 048

long-context hallucinations due to their on short 049

input windows. Consequently, there is an urgent 050

need for more precise evaluation models that can 051

identify hallucinations in long-context scenarios. 052

However, the development of robust evaluation 053

models relies on the availability of high-quality 054

benchmarks. Therefore, constructing a long-text, 055

multi-scale hallucination detection dataset will fa- 056

cilitate the identification of more reliable evalua- 057

tion models. 058

However, existing research faces two primary 059

challenges. First, constructing high-quality bench- 060

marks for hallucination detection in long-context 061

novels is hindered by the cost of manual annota- 062

tion. Traditional datasets such as NOCHA (Karpin- 063

ska et al., 2024b) and StorySumm (Subbiah 064

et al., 2024) rely on human-labeled hallucination 065

data, which is labor-intensive and time-consuming. 066

While synthetic datasets like LCHD (Liu et al., 067

2025) effectively reduce annotation costs, they fail 068

to reach the 100k-token scale. Second, the evolu- 069

tion of hallucinations as context length increases 070

remains largely unexplored. Most existing bench- 071

marks lack a multi-scale design capable of eval- 072

uating model robustness across varying lengths. 073

While Fables (Kim et al., 2024) covers the 100k- 074

token scale, it is largely restricted to a single length. 075

Although Clipper (Pham et al., 2025) introduces a 076

multi-scale approach with book-level and chapter- 077

level claims at the 100k scale, it is not designed for 078

summary hallucination detection. 079

To address these issues, we introduce Long- 080

Novel, a multi-scale benchmark for hallucination 081
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Benchmark Summ.
Halluc. 100K Auto.

Label
Diff.
Len.

Nocha (2024a) 7 3 7 7

StorySumm (2024) 3 7 7 7

FABLES (2024) 3 3 7 7

LCHD (2025) 3 7 3 7

CLIPPER (2025) 7 3 3 3

LongNovel (Ours) 3 3 3 3

Table 1: Comparison of our benchmark with other
benchmarks in novel. ‘Summ. Halluc.’, ‘100K’, ‘Auto.
Gen.’, and ‘Diff. Len.’ mean whether it is a summariza-
tion hallucination detection dataset, whether it reaches
up to 100K tokens, whether the hallucinated data is
generated through automated methods, and whether
it encompasses different levels of length, respectively.
LCHD (Liu et al., 2025) refers to the long-context hal-
lucination detection dataset.

detection in long-context novel summarization.082

Based on a corpus of 29 books, we construct083

five long context scenarios: S(2k∼4k), M(16k),084

L(32k), XL(64k), and XXL(100K), totaling 650085

samples in the test set. Building on these scenarios,086

eight hallucination types have been designed. Each087

summary includes: whether the summary contains088

hallucinations, hallucination types, identified hal-089

lucinated sentences, the corrected content, and the090

reasons for identifying the hallucinations. Notably,091

we use human-written summaries as ground truth092

to guide the LLM generation to ensure data reliabil-093

ity. The framework of our benchmark is illustrated094

in Fig. 1.095

Considering data authenticity and a balanced096

distribution of hallucination types, we use two097

complementary methods to construct the bench-098

mark. One method is Multi-Model Arbitration, us-099

ing Qwen2.5-7B-instruct (Yang et al., 2024) for100

summary generation and cross-model verification101

for data labeling, which captures more authentic102

hallucinations found in LLM outputs. Another103

is Entity-Referenced Hallucination Construction,104

where we perturb the human-written summary by105

extracting entities and use LLMs to craft halluci-106

nations based on eight specific prompts, ensuring a107

balanced distribution across all hallucination types.108

Finally, to ensure data reliability, we conduct hu-109

man revision of the test set. The advantages of110

ours compared with previous long-context novel/-111

book benchmarks are listed in Table 1. We evaluate112

several state-of-the-art models and conduct experi-113

ments using different methods on LongNovel. The114

results show that LongNovel serves as a challeng-115

ing benchmark for current models. Overall, our 116

contributions are as follows: 117

• We introduce LongNovel, a multi-scale Chinese 118

benchmark for hallucination detection in long- 119

context novel summarization across five levels of 120

length, containing eight hallucination types. 121

• We implement a construction approach that 122

combines Multi-Model Arbitration with Entity- 123

Referenced Hallucination Construction. This 124

methodology ensures the dataset features real- 125

world authenticity while covering various hallu- 126

cination types. 127

• We evaluate state-of-the-art models and methods 128

on LongNovel, revealing the challenges of long- 129

context hallucination detection and providing a 130

challenging benchmark for future research. 131

2 RELATEDWORK 132

2.1 Hallucination Detection Benchmarks 133

Current methodologies for constructing halluci- 134

nation datasets can be categorized into two ap- 135

proaches. The first involves generation by LLM, 136

followed by manual annotation to identify halluci- 137

nated samples (Laban et al., 2023; Karpinska et al., 138

2024a; Subbiah et al., 2024; Akbar et al., 2024; 139

Tang et al., 2024b; Chen et al., 2024a; Bao et al., 140

2025; Abdaljalil et al., 2025). The advantage of 141

this approach is that the resulting hallucination pat- 142

terns closely align with the model’s performance in 143

the real world. However, it relies heavily on high- 144

quality annotation, making it both time-consuming 145

and resource-intensive (Qi et al., 2025). 146

The second approach is automated hallucina- 147

tion injection based on existing reference mate- 148

rials, such as books or summaries. Early meth- 149

ods like (Kryscinski et al., 2020) generate negative 150

samples by employing entity substitution and nega- 151

tion insertion. Cao and Wang (2021) select system 152

outputs with low likelihood scores as negative sam- 153

ples. Recent works perform hallucination synthe- 154

sis based on the instruction-following capabilities 155

of LLMs (Tang et al., 2024a; Liu et al., 2025; Ming 156

et al., 2025). Pham et al. (2025) extract summaries 157

or outlines from original book content, thereby in- 158

ducing LLMs to generate true-false claim pairs and 159

corresponding reasoning chains. 160

2.2 Hallucination Detection Methods 161

Existing hallucination detection methods can be 162

categorized into short-text and long-text detection 163

based on the length of the processed content. In 164
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STEP 1: Data Collection STEP 2: Data Synthesis STEP 3: Length Extension

STEP 4: Human Revision

Collect 29 books Segment into 2~4k
textual unit

Non-Hallu. Summary:

 ......吉祥是他的大弟子，已经随侍皇帝四年
之久，从来没有出过差错......

Numerical Hallucination：

 ......吉祥是他的大弟子，已经随侍皇帝三年

之久，从来没有出过差错......    

Entity Hallucination：

 ......如意是他的大弟子，已经随侍皇帝三年

之久，从来没有出过差错......    

Logical Inversion：

 ......吉祥是他的大弟子，已经随侍皇帝三年

之久，曾经出过一些差错......    

Human-written 
Summary

LLM-generated 
Summary

Extrcat Entities 

Prompt-based 
Hallucination 

Synthesis
Multi-model 
Arbitration

Non-Hallu. 
Summary

Hallu.
Summary

......
2k~4k

Long-context 
Article

......

Non-Hallu. 
Summary

Hallu. 
Summary

......

Human ReviewArticle-Summary Pair

Figure 1: The framework of LongNovel.

Figure 2: Distribution of hallucination types across different context lengths.

the short-text detection, Laban et al. (2022) evalu-165

ate factual consistency by decomposing documents166

into sentence pairs and computing NLI-based en-167

tailment scores. Zha et al. (2023) enhance cross-168

task generalization through large-scale alignment169

pre-training, and Liu et al. (2023c) introduce an170

evaluation framework based on Atomic Content171

Units. Additionally, QA-based methods (Deutsch172

et al., 2021; Scialom et al., 2021) verify informa-173

tional faithfulness by measuring the answer con-174

sistency between source texts and generated sum-175

maries.176

In long-text hallucination detection, many short-177

text methods are constrained by input window limi-178

tations. Approaches address this by either directly179

leveraging LLMs for binary classification or em-180

ploying Chain-of-Thought (CoT) (Wei et al., 2022)181

to provide step-by-step analysis before reaching a182

final judgement. Liu et al. (2023b) utilize LLMs to 183

score content based on preset indicators, demon- 184

strating a high correlation with human judgment. 185

Min et al. (2025) introduce a debate-based frame- 186

work by assigning specific roles to LLMs, such 187

as Advocate, Skeptic, and Adjudicator, to enhance 188

data reliability. RAG-based systems, which are 189

used to verify faithfulness in QA tasks (Zhang 190

et al., 2025; Hu et al., 2025; Laban et al., 2024), can 191

also detect hallucinations in summarization (Min 192

et al., 2023). 193

3 Longnovel Construction 194

3.1 Data Collection 195

We collect 29 books from open-source data on the 196

Chinese internet. Each book possesses a coherent 197

plot, making it highly suitable for long-text consis- 198

tency detection. Each book B = {u1, u2, . . . , un} 199
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is segmented into a series of textual units (chapters200

or paragraphs), where the length of each unit ui201

ranges from 2k to 4k tokens. We employ 16 annota-202

tors. For each textual unit, one annotator drafts an203

initial summary, which is then revised by two other204

annotators to ensure accuracy and faithfulness to205

the source text. Ultimately, each unit ui is paired206

with a corresponding human-written summary, de-207

noted as si. For each unit, we also generate a sum-208

mary using the Qwen 2.5-7B model (Yang et al.,209

2024). These model-generated summaries may210

contain hallucinations.211

3.2 Data Synthesis212

We categorize hallucinations into eight types: En-213

tity Hallucination, Numerical Hallucination, Rela-214

tion Hallucination, Logical Inversion, Event Hal-215

lucination, Temporal Hallucination, Causal Hallu-216

cination, and Event Fabrication (detailed in Ap-217

pendix A). To ensure data authenticity and a bal-218

anced distribution of hallucination types, we em-219

ploy two methods to generate our LongNovel220

benchmark.221

Multi-Model Arbitration. To obtain more re-222

alistic hallucination data, inspired by MSum-223

Bench (Min et al., 2025), we implement a Multi-224

Model Arbitration method to label summaries225

generated by Qwen2.5-7B-instruct (Yang et al.,226

2024). In this process, GPT-4o (OpenAI, 2024)227

and Claude 3 Opus (Anthropic, 2024) first con-228

duct independent evaluations. Specifically, they229

determine whether the output is a hallucinated sum-230

mary hi, which contains inconsistencies, or a non-231

hallucinated summary gi, which remains faithful to232

the original source. If their outputs match, the re-233

sult is accepted. Otherwise, Gemini-2.5-Pro (Co-234

manici et al., 2025) serves as the arbitrator to re-235

solve the inconsistency.236

Entity-Referenced Hallucination Generation.237

We first extract entities such as names, organiza-238

tions, and numbers from the human-written sum-239

mary si. Then, with the extracted entities as ref-240

erences, GPT-4o is employed to rewrite si into a241

corresponding hallucinated summary hi based on242

eight prompts, each corresponding to a specific hal-243

lucination type, as shown in Appendix I.1. Simul-244

taneously, GPT-4o generates a non-hallucinated245

summary gi to enhance data diversity.246

In the construction of our dataset, sum-247

maries without hallucinations are labeled as248

non-hallucinated summaries. For hallucinated249

samples, we provide the hallucination type, the 250

hallucinated sentence, the corrected version, and 251

the reason for the judgment. 252

3.3 Length Extension 253

To evaluate the model’s performance across vari- 254

ous lengths, we use Qwen3 (Yang et al.) tokenizer 255

to process textual units and categorize the dataset 256

into five ranges: 2k, 16k, 32k, 64k, and 100k. 257

Assuming the target length requires k consec-
utive textual units, let the input context be X =
[ut, ut+1, . . . , ut+k−1]. Each unit ui corresponds
to three summary versions: a human-written sum-
mary si, a non-hallucinated version gi generated
by GPT-4o, and a hallucinated version hi. We
construct Y (j)

pos and Y
(j)
neg as the hallucination-free

and hallucinated summary sequences forX respec-
tively by replacing the j-th textual unit’s summary:

Y (j)
pos = [st, . . . , sj−1, hj , sj+1, . . . , st+k−1]

Y (j)
neg = [st, . . . , sj−1, gj , sj+1, . . . , st+k−1]

The hallucination types and the annotations of 258

the hallucinated sentences in the negative samples 259

are identical to those in hj . 260

3.4 Human Revision 261

To guarantee the reliability of the benchmark, an 262

annotator reviews the entire test set with assis- 263

tance from Gemini-2.5-Pro to identify potential 264

hallucinations and corrects them if necessary. To 265

ensure the quality, two annotators validate 186 266

summaries from the test set. The inter-annotator 267

agreement reaches 0.946 for the binary classifica- 268

tion of whether a summary contains hallucinations, 269

demonstrating the high quality of the final bench- 270

mark. More details w.r.t. human revision are 271

shown in Appendix C. 272

3.5 Dataset Statistics 273

The benchmark consists of 8,104 samples, split 274

into a training set of 7,454 samples and a test set of 275

650 samples. Table 2 shows the statistics of Long- 276

Novel. The token sequence length of the test set is 277

detailed in Table 3. 278

To evaluate model performance across different 279

error types, we analyze the distribution of hallu- 280

cination categories within the test set. As illus- 281

trated in Fig. 2, the distribution of hallucination 282

types remains relatively balanced across various 283

2https://github.com/openai/tiktoken
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Context Train Test
Length Hallu. Non-H. Total Hallu. Non-H. Total

S 1,511 1,107 2,618 75 75 150
M 1,147 1,010 2,157 75 75 150
L 1,379 1,300 2,679 75 75 150
XL – – – 50 50 100
XXL – – – 50 50 100

Total 7,454 650

Table 2: Statistics of LongNovel. Hallu. and
Non-H. represent the counts of hallucinated and non-
hallucinated samples. Ratio indicates the ratio of the
source article length to the summary length.

Figure 3: Proportional distribution of hallucination po-
sitions (beginning, middle, and end) within the input
context. Blue, red, and yellow represent the beginning,
middle, and end, respectively.

text lengths. Furthermore, we examine the rela-284

tive position of hallucinations within the input con-285

text. As shown in Fig. 3, hallucinations in the test286

set are uniformly distributed across the beginning,287

middle, and end segments of the text. This uniform288

distribution is critical for long-context evaluation289

as it compels the model to process the entire con-290

text comprehensively rather than relying on posi-291

tional shortcuts, such as the lost-in-the-middle phe-292

nomenon (Liu et al., 2024), where models tend to293

focus only on the beginning and end of a document.294

295

4 Experiments296

4.1 Baselines297

We evaluate several state-of-the-art models with298

strong Chinese language capabilities on the bench-299

mark. The Open-Source Models include the In-300

ternLM series (Cai et al.) (InternLM2.5-20B-chat,301

InternLM3-8B-instruct), GLM-4-9B (GLM et al.,302

2024), Llama3.1-8B (Grattafiori et al., 2024), and303

the Qwen3 series (Yang et al.) (8B, 14B, and 32B).304

For Commercial Models, we include the GPT305

series (GPT-4.1 and GPT-5), Claude-4-sonnet,306

the DeepSeek series (DeepSeek-v3 (DeepSeek-AI 307

et al.), DeepSeek-r1 (DeepSeek-AI et al., 2025)), 308

and Gemini-2.5-Flash (Comanici et al., 2025). 309

4.2 Experimental Setup 310

We employ vLLM (Kwon et al., 2023) for the infer- 311

ence of open-source models across all benchmarks. 312

For the 32k, 64k, and 100k tests, we implement 313

YaRN (Peng et al., 2024) scaling, expanding the 314

context length from 32k to 128k. For commercial 315

APIs, the temperature is set to 0 to ensure consis- 316

tent outputs. To guarantee the reliability of our re- 317

sults, each experiment for the open-source models 318

is repeated at least three times. Details are in Ap- 319

pendix E.1. 320

4.3 Evaluation Metrics 321

We evaluate performance using binary accuracy 322

for both hallucinated and non-hallucinated classes. 323

Specifically, we compute the Average Accuracy 324

(Acc.), defined as the arithmetic mean of the 325

accuracies achieved on hallucinated and non- 326

hallucinated instances, to provide a balanced mea- 327

sure of classification performance. In addition to 328

Average Accuracy, we employ the Matthews Cor- 329

relation Coefficient (MCC.) to further assess the 330

model’s performance in hallucination detection. It 331

balances the trade-off between false positives and 332

false negatives by considering all categories of the 333

confusion matrix. 334

4.4 Compared Methods 335

We conduct experiments using different methods 336

on LongNovel. 337

Zero-shot Prompting. We provide both the 338

source article and the summary to the LLMs, 339

along with a prompt defining the criteria that 340

guide the model in distinguishing between hallu- 341

cinated and non-hallucinated summaries. We de- 342

fine two prompt types: target summary at the Be- 343

ginning (Prompt-B) and target summary at the End 344

(Prompt-E), as shown in Appendix I.2. 345

Chain-of-Thought (CoT). Based on a zero-shot 346

setting, we implement a CoT (Wei et al., 2022) 347

prompting strategy to elicit the model’s reasoning 348

capabilities. The model is required to generate a 349

step-by-step analysis of the factual consistency be- 350

tween the source text and the summary before pro- 351

viding the final hallucination detection result. The 352

prompt is shown in Appendix I.2. 353
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Model S (n=150) M (n=150) L (n=150) XL (n=100) XXL (n=100)
Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max

InternLM-3 2.21 3.48 4.76 13.15 17.41 20.42 33.48 35.99 40.12 66.81 70.24 71.41 97.25 107.66 111.33
GLM-4 1.99 3.06 4.26 12.13 15.28 17.53 29.09 31.44 34.52 60.11 62.28 64.12 89.48 96.34 98.78
Qwen-3 2.01 3.15 4.34 12.76 15.67 17.99 29.63 32.38 35.49 62.99 64.85 66.21 94.31 100.44 102.68
GPT-4o 3.52 5.35 7.16 20.99 26.22 30.02 53.75 58.01 63.92 105.29 116.53 124.05 154.99 170.02 175.64

Table 3: Token sequence length of LongNovel test set (values are in thousands, i.e., k). GPT-4o uses tiktoken2.

Supervised Fine-Tuning (SFT). To enable mod-354

els to adapt to more positions and activate extrap-355

olation ability, we fine-tune the models with the356

LongNovel training set by gradually increasing the357

context length follow findings from (Wei et al.,358

2025). More details are in Appendix E.2.359

Retrieval-Augmented Generation (RAG). In360

RAG-based hallucination detection, a common ap-361

proach is to retrieve the most similar chunks from362

the source article to serve as evidence supporting363

each sentence in the summary. However, a signif-364

icant limitation of this method is that the retrieved365

segments may lack temporal coherence, failing to366

preserve the corresponding chronological changes367

of events. For instance, if a summary sentence de-368

scribes an early-stage event but is matched with369

text chunks from a later stage, models may fail to370

identify whether there is a hallucination due to the371

misalignment.372

Accordingly, we design a RAG framework us-373

ing a sliding-window mechanism guided by se-374

mantic similarity, which dynamically anchors sum-375

mary segments to their most relevant article con-376

text. With this framework, we can obtain the377

summary chunks and their corresponding article378

chunks. This process allows us to extract paired379

summary segments and article chunks, where a380

summary is classified as non-hallucinated if and381

only if every individual segment is verified as con-382

sistent with its respective document window. We383

set the block size to 5,500 characters for the source384

article and 150 characters for the summary. More385

details are shown in Appendix D and Appendix G.386

387

5 Experimental Results and Analysis388

5.1 Main Results389

We calculate Accuracy and MCC. across various390

context lengths for both open-source and commer-391

cial models, and the detailed performance statistics392

are presented in Table 4. Full results are shown in393

Appendix F. Negative MCC. values such as Llama-394

3.1-8B-instruct result from formatting failures, pri- 395

marily repetitive outputs, that prevent valid JSON 396

generation. We treat such instances as incorrect 397

predictions. From the results, we can draw the fol- 398

lowing conclusions: 399

(1) Performance exhibits a downward trend as 400

context length increases. Almost all models show 401

a significantly higher average accuracy at 2k con- 402

text compared to 100k. For instance, InternLM2.5- 403

20B drops from 68.67% at 2k to 49.33% at 32k. At 404

the 64k and 100k stages, some negative Matthews 405

Correlation Coefficient scores shows the decline in 406

instruction-following capability. Models produce 407

repetitive outputs or generate novel summaries in- 408

stead of answering the questions in JSON format, 409

as detailed in Appendix H.4 and Appendix H.5. 410

(2) Chain-of-Thought prompts enhance halluci- 411

nation detection accuracy in short-context scenar- 412

ios. However, this performance gain diminishes 413

in 64k and 100k context and even leads to a re- 414

duction in accuracy. For example, DeepSeek-v3 415

raises from 58.00% to 74.67% at 2k but drops from 416

51.00% to 44.00% at 100k. This indicates that rea- 417

soning steps help resolve hallucinations in short- 418

context scenarios. 419

(3) In the 2k to 100k range, the SFT models 420

achieve average accuracy significantly higher than 421

both the base and CoT versions, reaching 60.00% 422

at 100k compared to only 53.00% for the base 423

version. This demonstrates that specialized fine- 424

tuning of open-source models for length extrapo- 425

lation is an effective strategy for hallucinations de- 426

tection in long-context tasks. 427

(4) RAG strategy shows limitation in 64k con- 428

text and although its performance scales slightly 429

better at 100k, where GPT-4.1 with RAG achieves 430

a MCC. of 0.2521, outperforming its base and CoT 431

counterparts, it still fails to match the overall per- 432

formance of SFT at both scales. This may be be- 433

cause dividing summaries into smaller chunks in- 434

creases the number of decisions the model must 435

gives, leading to the accumulation of errors from 436

individual judgments. 437

6



Model S (2k ∼ 4k) M (16k) L (32k) XL (64k) XXL (100k)
Acc. MCC. Acc. MCC. Acc. MCC. Acc. MCC. Acc. MCC.

Open-Source Models

InternLM2.5-20B 68.67 0.3734 60.67 0.2287 49.33 -0.0142 49.00 -0.1005 44.00 -0.1267

InternLM3-8B-instruct 60.67 0.3282 50.00 0.0000 49.33 -0.0819 51.00 0.1005 51.00 0.1005

GLM-4-9B 55.33 0.1833 50.89 0.0934 49.56 -0.0546 50.00 0.0000 50.00 0.0000

Llama3.1-8B-instruct 45.56 -0.1041 40.89 -0.1831 3.33 -0.9341 0.00 -1.0000 0.00 -1.0000
——SFT 73.56 0.4965 59.11 0.1824 50.00 0.0000 12.00 -0.7829 0.00 -1.0000
——RAG – – – – – – 50.00 0.0000 50.00 0.0000

Qwen3-8B 65.78 0.3164 61.56 0.2907 48.89 -0.0228 53.00 0.0673 53.00 0.0693
——CoT 68.44 0.3698 60.89 0.2597 57.11 0.1456 54.33 0.0971 52.67 0.0540
——SFT 77.33 0.5516 65.56 0.3137 66.00 0.3333 61.00 0.2368 60.00 0.3077
——RAG – – – – – – 50.00 0.0000 50.00 0.0000

Qwen3-14B 64.22 0.3216 55.33 0.1183 54.22 0.1189 45.67 -0.1696 52.67 0.0456
——CoT 66.00 0.3563 62.22 0.2564 56.00 0.1497 53.00 0.0638 46.67 -0.0737

Qwen3-32B 69.11 0.4217 67.11 0.3423 49.11 -0.0220 53.00 0.0645 54.00 0.1153
——CoT 74.89 0.5245 64.44 0.2891 51.78 0.0420 43.00 -0.1430 54.67 0.0971
——RAG – – – – – – 50.00 0.0000 50.00 0.0000

Commercial Models

DeepSeek-v3 58.00 0.2949 50.00 0.0000 48.00 -0.0426 50.00 0.0000 51.00 0.0459
——CoT 74.67 0.4998 60.67 0.2343 57.33 0.1909 57.00 0.1960 44.00 -0.1286

DeepSeek-r1 63.33 0.3922 52.00 0.0711 48.67 -0.0278 52.00 0.1429 51.00 0.0349
——CoT 74.00 0.4874 64.00 0.2905 53.33 0.0923 48.00 -0.0737 45.00 -0.1400

Gemini-2.5-Flash 70.67 0.4455 50.67 0.0371 50.67 0.0819 47.00 -0.1176 49.00 -0.021
——CoT 68.67 0.4002 50.67 0.0476 50.67 0.0819 49.00 -0.1005 49.00 -0.1005

Claude-4-sonnet 59.33 0.3024 61.33 0.2584 54.00 0.0849 54.00 0.0937 50.00 0.0000
——CoT 80.67 0.6160 64.67 0.3580 49.33 -0.0281 52.00 0.0436 51.00 0.0266
——RAG – – – – – – 50.00 0.0000 56.00 0.1562

GPT-4.1 79.33 0.5867 62.67 0.2541 52.67 0.0533 53.00 0.0765 51.00 0.1005
——CoT 81.33 0.6614 64.67 0.3764 56.00 0.2133 51.00 0.1005 51.00 0.1005
——RAG – – – – – – 51.00 0.1005 59.00 0.2521

GPT-5 67.33 0.3860 68.00 0.3766 61.33 0.2287 59.00 0.1845 51.00 0.0220
——CoT 69.33 0.4219 64.00 0.2985 54.67 0.0936 54.00 0.0873 44.00 -0.1209
——RAG – – – – – – 50.00 0.0000 57.00 0.2081

Table 4: Accuracy and Matthews Correlation Coefficient of LongNovel. Acc. denotes the binary accuracy cal-
culated as the mean of accuracy for hallucinated and non-hallucinated instances and is reported as a percentage
(%). MCC. represents Matthews Correlation Coefficient . The best performing score is highlighted in bold and
second-best is underline.

5.2 Analysis and Case Study438

Which Hallucination Types are Easier to De-439

tect? As shown in Figure 4, Event Fabrication440

stands out as the most detectable hallucination441

type for many models. For instance, Qwen3-8B-442

SFT achieves its highest recall of 0.74 in this443

category. Temporal Hallucinations are tend to444

be the most difficult to detect. Many models,445

such as InternLM3-8B-instruct and GLM-4-9B-446

chat, show recall rates near 0.00 for these types.447

This indicates that content completely absent from448

the source text is relatively easy to detect. How-449

ever, when the content exist in the source but the450

chronological order of events is altered, it becomes 451

significantly more challenging to identify. 452

Which Hallucination Positions are Easier to De- 453

tect? To mitigate the potential influence of hal- 454

lucination types on position-based performance, 455

we selected four hallucination types (Numerical 456

Hallucination, Logical inversion, Event Hallucina- 457

tion and Entity Hallucination) with median Recall 458

scores based on the results in Fig. 6. We then cal- 459

culate the hallucination detection recall at different 460

positions (Beginning, Middle, and End) in various 461

context lengths (2k, 16k, 32k, 64k, and 100k), as 462

illustrated in Fig. 5. 463
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Figure 4: Recall performance of various LLMs
across different hallucination types. Note that mod-
els are abbreviated as follows: M1: Claude-4-
sonnet, M2: DeepSeek-r1, M3: DeepSeek-v3, M4:
GLM-4-9B-chat, M5: GPT-4.1, M6: GPT-5, M7:
Gemini-2.5-Flash, M8: InternLM2.5-20B-chat, M9:
InternLM3-8B-instruct, M10: Llama3.1-8B-instruct,
M11: Qwen3-14B, M12: Qwen3-32B, M13: Qwen3-
8B, M14: Llama3.1-8B-instruct-SFT, M15: Qwen3-
8B-SFT. The hallucination types are abbreviated as
follows: EVE_HAL: Event Hallucination, REL_HAL:
Relation Hallucination, LOG_INV: Logical Inversion,
CAU_HAL: Causal Hallucination, ENT_HAL: Entity
Hallucination, NUM_HAL: Numerical Hallucination,
TEM_HAL: Temporal Hallucination, and EVE_FAB:
Event Fabrication.

Hallucinations in the middle position yield the464

lowest recall at 2k, 64k, and 100k lengths. At the465

16k scale, the recall for the middle also remains sig-466

nificantly lower than that of the beginning. While467

this pattern exhibits some fluctuations across dif-468

ferent scales, for instance, at 32k, the middle re-469

call (0.165) is slightly higher than that of the end470

(0.142), the overall results confirm that the halluci-471

nations at the beginning of the context are the most472

detectable.473

Why Hallucination Detection Fails in Long-474

context Scale? By analyzing outputs of models475

at the long-context scale, which are shown in Ap-476

pendix H, we find several error patterns.477

First, models may fail to comprehensively pro-478

cess or may misread both the source text and its cor-479

responding summary, directly resulting in wrong480

detection outcomes. Second, in some cases, the481

model identifies a hallucination yet produces a cor-482

rection that is identical to the original sentence.483

However, most of these cases are faithful and do484

not need corrections. Third, a deficiency in rea-485

Figure 5: Recall score of hallucination detection across
different positions, averaged over four hallucination
types.

soning capabilities prevents models from success- 486

fully mapping a series of specific actions or dia- 487

logues to a correct abstract generalization. Further- 488

more, repetitive output patterns sometimes cause 489

the model response to exceed length constraints, 490

leading to truncated and incomplete answers. Ad- 491

ditionally, some cases fail to complete the halluci- 492

nation detection, indicating a drop in instruction- 493

following performance. We also observe internal 494

logical contradictions where a model initially iden- 495

tifies a hallucination but ultimately concludes that 496

no such hallucination exists when giving the rea- 497

son for the judgment. Finally, models often fail 498

to recognize semantic equivalence, misidentify a 499

summary as a hallucination due to lexical changes 500

or omitted peripheral information, despite the core 501

summary remaining factually accurate. 502

6 Conclusion 503

We introduce LongNovel, a Chinese long-context 504

dataset for hallucination detection in novels, based 505

on human-annotated summaries. It comprises five 506

subsets ranging from 2k to 100k tokens, totaling 507

650 human-revised samples. Our extensive exper- 508

iments on LongNovel reveal that current large lan- 509

guage models still lack sufficient capability in long- 510

context hallucination detection tasks. We hope that 511

LongNovel will provide useful insights for future 512

research in this field. 513

Limitations 514

While the LongNovel dataset ensures plot coher- 515

ence through concatenated sequences, the con- 516

struction of negative samples for hallucination de- 517

tection is primarily constrained within a 2k to 4k 518

token range, which may impose a ceiling on the 519

model’s performance. Furthermore, our study is 520

8



limited to open-source models with up to 32B pa-521

rameters. Consequently, the generalization capa-522

bilities of large-scale models, such as Qwen2.5-523

72B and Llama-3.1-70B, have not yet been in-524

vestigated. Finally, as LongNovel is a Chinese-525

language dataset, the applicability of our findings526

to cross-lingual tasks and non-novel domains re-527

mains to be further validated in future research.528
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A Hallucination Type895

To construct a comprehensive hallucination detec-896

tion dataset, we categorize hallucinations observed897

in novel summarization into eight distinct types898

by referring to related research (Kryscinski et al.,899

2020; Pagnoni et al., 2021; Orlovskiy et al., 2024;900

Mishra et al., 2024).901

Entity Hallucination Entity Hallucination oc-902

curs when a summary contains factual errors903

regarding the entities mentioned in the source904

text. This encompasses pronominal errors, subject-905

object role reversals, and erroneous descriptions of906

entities such as characters, organizations, or loca-907

tions.908

Numerical Hallucination Numerical Hallucina- 909

tion occurs when a summary introduces numerical 910

data that is inconsistent with the source text. This 911

encompasses difference in quantities, ages, or mon- 912

etary values. 913

Relation Hallucination Relation Hallucination 914

occurs when a summary describes interpersonal re- 915

lationships that are inconsistent with the original 916

text. This encompasses misreporting established 917

relationships, such as familial or professional ties, 918

as well as fabricating non-existent relations that the 919

source material does not support. 920

Logical Inversion Logical Inversion occurs 921

when a summary conveys a meaning that is 922

logically opposite to the source text. This encom- 923

passes the conversion of affirmative statements 924

into negative ones and the conversion of negative 925

statements into affirmative ones. 926

Event Hallucination Event Hallucination oc- 927

curs when a summary describes an event that con- 928

tradicts the source text. This encompasses the re- 929

placement of core verbs, the alteration of event out- 930

comes, or the modification of action intensity and 931

manner. 932

Temporal Hallucination Temporal hallucina- 933

tion occurs when the summary disrupts the chrono- 934

logical order of the narrative by inverting or scram- 935

bling the sequence of two or more events as they 936

occurred in the source text. 937

Causal Hallucination Causal Hallucination oc- 938

curs when a summary introduces causal relation- 939

ships that are inconsistent with or unsupported 940

by the source text. This encompasses false at- 941

tributions where unrelated events are logically 942

linked, causal reversals where cause and effect are 943

swapped, and reason substitutions where factual 944

outcomes are attributed to irrelevant origins. 945

Event Fabrication Event Fabrication occurs 946

when a summary introduces actions or states that 947

are unsupported by the source text. This encom- 948

passes characters’ actions not found in the original 949

text, the repetition of existing events, and the fabri- 950

cation of characters’ thoughts. 951

B LongNovel Dataset 952

The LongNovel benchmark is constructed from 953

publicly available literary works. We have manu- 954

ally reviewed the dataset to ensure it contains no 955
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Figure 6: Average recall score of hallucination types.

sensitive personally identifying information (PII)956

of living individuals.957

C Human annotation958

C.1 Summary Annotation959

We employ 16 annotators, all of whom are spe-960

cializing in Chinese Language and Literature. Fol-961

lowing the establishment of annotation rules, an-962

notators conduct trial annotations. After review-963

ing the trial results and providing specific feed-964

back, we proceed to large-scale annotation, where965

for each textual unit, one annotator drafts an ini-966

tial summary that is subsequently revised by two967

additional annotators to ensure accuracy and faith-968

fulness to the source text. We ensure that all anno-969

tators receive fair compensation and confirm that970

the hourly rate is higher than the local legal mini-971

mum wage. The payment calculation accounts for972

all active working hours, including both the trial973

and main annotation phases.974

C.2 Hallucination Annotation975

The revision process is conducted by two authors976

of this study (one female and one male), who are977

researchers specializing in Natural Language Pro-978

cessing. Following the NoCha annotation frame-979

work (Karpinska et al., 2024a), they are provided980

with minimal pairs of summaries with and with-981

out hallucinations. After reading the guidelines982

shown in Fig. 9, the annotators are required to iden-983

tify the presence of hallucinations, the specific hal-984

lucinated sentences, and provide detailed explana-985

tions.986

D RAG framework987

To enhance the precision of hallucination detec-988

tion and minimize interference from irrelevant con-989

text, we design a RAG framework. The prompt is990

shown in Appendix I.2. Specifically, we split the 991

document D and the summary S into smaller seg- 992

ments. The document is partitioned into N blocks 993

D = {D0, D1, . . . , DN−1} , and the summary is 994

divided into M blocks S = {S0, S1, . . . , SM−1}. 995

We employ the BGE-M3 model to project each 996

summary block Sj and document block Di into 997

their embedding vectors sj and di and then com- 998

pute the cosine similarity between the embedding 999

vectors 1000

Sim(sj , di) =
sj · di
|sj ||di|

(1) 1001

The alignment and windowing process follows 1002

these steps: 1003

1. Initialization: For the first summary block 1004

S0, we set the initial document index k0 = 1005

0 and define the initial window as W0 = 1006

{0, 1, 2}, which provides the model with the 1007

first three document blocks. 1008

2. Dynamic Matching: For j = 1, . . . ,M − 1, 1009

we retrieve the set Cj containing indices of the 1010

top K = 5 document blocks with the high- 1011

est similarity to Sj . Since the single highest- 1012

ranking match does not always correspond to 1013

the correct article, we retrieve the top K = 5 1014

document blocks for each Sj instead of just 1015

the top one. Let kj−1 be the index of the doc- 1016

ument block aligned with Sj−1. We calculate 1017

the distance ∆i = i − kj−1 for ∀i ∈ Cj . 1018

If there exists an i ∈ Cj such that ∆i ∈ 1019

{0,±1,±2}, we set kj to the index with the 1020

highest similarity within this constraint; oth- 1021

erwise, we set kj = kj−1 + 1. 1022

3. Window Construction: The context window 1023

size Wsize is determined dynamically: 1024

Wsize =

{
5 if ∆i ∈ {0, 1}
7 otherwise

(2) 1025

where the window is centered at kj . 1026

We set the block size to 5,500 characters for the 1027

source article and 150 characters for the summary. 1028

E Experimental Setup Details 1029

E.1 Baseline Evaluation 1030

We employ extrapolation strategies by configuring 1031

vLLM initialization parameters. For the Qwen se- 1032

ries and InternLM series, we configured the YaRN 1033

13



interpolation method with a scaling factor of 4.0 to1034

enhance their long-context capabilities. For Llama-1035

3.1-8B-Instruct, we set the scaling factor to 8.0,1036

consistent with its original 8192 position embed-1037

dings. For the GLM-4-9B model, which supports1038

a 128K context window, we maintained its default1039

configurations.1040

E.2 Fine-tuning Experiment1041

We implement a full parameter fine-tuning inte-1042

grated with Sequence Parallelism by implement-1043

ing Ring-Attention (Liu et al., 2023a), using the1044

360-llama-factory framework (Zou et al., 2025).1045

To optimize computational efficiency and mem-1046

ory usage, we employ Flash Attention 2 (Dao,1047

2024) and DeepSpeed ZeRO-3 Offload (Ren et al.,1048

2021) strategy. Regarding hyperparameter config-1049

urations, a learning rate of 5e-6 is applied using1050

a cosine scheduler with zero warmup. All experi-1051

ments maintain under a fixed seed of 42. For fine-1052

tuning on 16K sequences, we initially performed a1053

100-step fine-tuning on 2K data before proceeding1054

to the full 16K fine-tuning. For evaluations at 32K,1055

64K, and 100K scales, we conduct an initial 100-1056

step fine-tuning on 16k data before proceeding to1057

32k scale. We set 2 epochs of training throughout1058

each stage of the process. All experiments are con-1059

ducted on 8 NVIDIA H20 (96GB) GPUs. The fine-1060

tuning prompt is the same as the inference prompt,1061

which is detailed in the Appendix I.2.1062

F Full Results1063

As shown in Table 5 and Table 6, models exhibit1064

distinct biases during hallucination detection. For1065

instance, Gemini-2.5-Flash achieves high accuracy1066

on hallucination instances but low accuracy on non-1067

hallucination instances, indicating a bias toward1068

predicting hallucinations. Conversely, GLM-4-1069

9B-chat and InternLM3-8B-instruct demonstrate1070

an opposite tendency toward non-hallucinated la-1071

bels. This suggests differences in the internal deci-1072

sion thresholds used by different models to identify1073

hallucinations.1074

When the target summary is positioned at the1075

beginning (Prompt-B), models fail to integrate the1076

summary with the long article context, leading to1077

the decline in the detection accuracy. And placing1078

the target summary at the end performs better for1079

most models.1080

We calculated the recall rates across different1081

categories of hallucinations, as shown in Fig. 6.1082

Figure 7: Comparison of different article chunk sizes
on RAG performance of GPT-4.1 and GPT-5.

Figure 8: Comparison of different summary chunk sizes
on RAG performance of GPT-4.1 and GPT-5.

Event Fabrication is the most identifiable halluci- 1083

nation type, achieving the highest average recall. 1084

Conversely, Temporal Hallucination presents the 1085

greatest challenge, yielding the lowest recall rate. 1086

G Ablation Study for RAG 1087

To optimize the RAG performance, we conduct 1088

experiments comparing five article chunk sizes 1089

across two models at 64k and 100k scales, as il- 1090

lustrated in Fig. 7. When the size falls below this 1091

threshold, effectiveness decreases because the seg- 1092

ments fail to provide sufficient context to cover the 1093

content required for the summary blocks. 1094

Furthermore, as shown in Fig. 8, we conduct 1095

tests by varying the summary block size while 1096

keeping the source article chunk size fixed at 5,500 1097

and identify 150 characters as the optimal configu- 1098

ration. 1099
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Model S (2k ∼ 4k) M (16k) L (32k)
Hallu. Non-H. Acc. MCC. Hallu. Non-H. Acc. MCC. Hallu. Non-H. Acc. MCC.

Open-Source Models

InternLM2.5-20B 68.00 69.33 68.67 0.3734 78.67 42.67 60.67 0.2287 66.67 32.00 49.33 -0.0142

InternLM3-8B-instruct 22.67 98.67 60.67 0.3282 0.00 100.0 50.00 0.0000 0.00 98.67 49.33 -0.0819

GLM-4-9B 14.67 96.00 55.33 0.1833 1.78 100.0 50.89 0.0934 0.00 99.11 49.56 -0.0546

Llama3.1-8B-instruct 71.56 19.56 45.56 -0.1041 45.78 36.00 40.89 -0.1831 1.33 5.33 3.33 -0.9341
——SFT 57.78 89.33 73.56 0.4965 56.89 61.33 59.11 0.1824 0.00 100.00 50.00 0.0000

Qwen3-8B 62.22 69.33 65.78 0.3164 31.11 92.00 61.56 0.2907 43.11 54.67 48.89 -0.0228
——CoT 64.89 72.00 68.44 0.3698 33.78 88.00 60.89 0.2597 48.00 66.22 57.11 0.1456
——SFT 70.67 84.00 77.33 0.5516 59.11 72.00 65.56 0.3137 52.00 80.00 66.00 0.3333

Qwen3-14B 87.56 40.89 64.22 0.3216 76.89 33.78 55.33 0.1183 89.33 19.11 54.22 0.1189
——CoT 88.00 44.00 66.00 0.3563 77.33 47.11 62.22 0.2564 85.78 26.22 56.00 0.1497

Qwen3-32B 90.22 48.00 69.11 0.4217 66.67 67.56 67.11 0.3423 79.56 18.67 49.11 -0.0220
——CoT 90.67 59.11 74.89 0.5245 63.11 65.78 64.44 0.2891 76.89 26.67 51.78 0.0420

Commercial Models

Claude-4-sonnet 98.67 20.00 59.33 0.3024 85.33 37.33 61.33 0.2584 37.33 70.67 54.00 0.0849
——CoT 85.33 76.00 80.67 0.6160 36.00 93.33 64.67 0.3580 5.33 93.33 49.33 -0.0281

DeepSeek-v3 100.00 16.00 58.00 0.2949 89.33 10.67 50.00 0.0000 30.67 65.33 48.00 -0.0426
——CoT 82.67 66.67 74.67 0.4998 81.33 40.00 60.67 0.2343 25.33 89.33 57.33 0.1909

DeepSeek-r1 100.00 26.67 63.33 0.3922 93.33 10.67 52.00 0.0711 34.67 62.67 48.67 -0.0278
——CoT 82.67 65.33 74.00 0.4874 77.33 50.67 64.00 0.2905 26.67 81.08 53.33 0.0923

Gemini-2.5-Flash 89.33 52.00 70.67 0.4455 97.33 4.00 50.67 0.0371 100.00 1.33 50.67 0.0819
——CoT 86.67 50.67 68.67 0.4002 98.67 2.67 50.67 0.0476 100.00 1.33 50.67 0.0819

GPT-4.1 80.00 78.67 79.33 0.5867 58.67 66.67 62.67 0.2541 52.00 53.33 52.67 0.0533
——CoT 65.33 97.33 81.33 0.6614 33.33 96.00 64.67 0.3764 14.67 97.33 56.00 0.2133

GPT-5 89.33 45.33 67.33 0.3860 82.67 53.33 68.00 0.3766 68.00 54.67 61.33 0.2287
——CoT 89.33 49.33 69.33 0.4219 81.33 46.67 64.00 0.2985 58.67 50.67 54.67 0.0936

Table 5: Detailed performance statistics in 2k, 16k and 32k scales. Hallu. and Non-H. denote the classification
accuracy for hallucinated and non-hallucinated labels. Acc. represents the mean accuracy (%)., while MCC refers to
the Matthews Correlation Coefficient. Notably, negative MCC values are primarily attributed to formatting failures,
such as repetitive outputs that result JSON generation. These instances are treated as incorrect predictions.
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Model XL (64k) XXL (100k)
Hallu. Non-H. Acc. MCC. Hallu. Non-H. Acc. MCC.

Open-Source Models

InternLM2.5-20B 98.00 0.00 49.00 -0.1005 28.00 60.00 44.00 -0.1267

InternLM3-8B-instruct 2.00 100.00 51.00 0.1005 2.00 100.00 51.00 0.1005

GLM-4-9B-chat 0.00 100.00 50.00 0.0000 0.00 100.00 50.00 0.0000

Llama3.1-8B-instruct 0.00 0.00 0.00 -1.0000 0.00 0.00 0.00 -1.0000
——SFT 0.00 28.00 14.00 -0.7500 0.00 0.00 0.00 -1.0000
——RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000

Qwen3-8B 30.67 75.33 53.00 0.0673 28.00 78.00 53.00 0.0693
——CoT 32.00 76.67 54.33 0.0971 44.67 60.67 52.67 0.0540
——SFT 36.00 87.33 61.67 0.2720 22.00 96.00 59.00 0.2676
——RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000

Qwen3-14B 58.67 25.33 42.00 -0.1696 76.00 28.00 52.00 0.0456
——CoT 71.33 34.67 53.00 0.0638 67.33 26.00 46.67 -0.0737

Qwen3-32B 72.00 34.00 53.00 0.0645 18.00 90.00 54.00 0.1153
——CoT 54.00 32.00 43.00 -0.1430 41.33 68.00 54.67 0.0971
——RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000

Commercial Models

Claude-4-sonnet 28.00 80.00 54.00 0.0937 82.00 30.00 56.00 0.0000
——CoT 32.00 72.00 52.00 0.0436 18.00 84.00 51.00 0.0266
——RAG 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000
——RAG* 4.00 32.00 18.00 -0.6667 28.00 78.00 53.00 0.0693

DeepSeek-v3 2.00 98.00 50.00 0.0000 6.00 96.00 51.00 0.0459
——CoT 22.00 92.00 57.00 0.1960 26.00 62.00 44.00 -0.1286

DeepSeek-r1 4.00 100.00 52.00 0.1429 10.00 92.00 51.00 0.0349
——CoT 6.00 90.00 48.00 -0.0737 10.00 80.00 45.00 -0.1400

Gemini-2.5-Flash 90.00 4.00 47.00 -0.1176 64.00 34.00 49.00 -0.0210
——CoT 98.00 0.00 49.00 -0.1005 98.00 0.00 49.00 -0.1005

GPT-4.1 22.00 84.00 53.00 0.0765 2.00 100.00 51.00 0.1005
GPT-4.1* 100.00 0.00 50.00 0.0000 100.00 0.00 50.00 0.0000

——CoT 2.00 100.00 51.00 0.1005 2.00 100.00 51.00 0.1005
——RAG 100.00 2.00 51.00 0.1005 94.00 24.00 59.00 0.2521
——RAG* 100.00 0.00 50.00 0.0000 88.00 10.00 49.00 -0.032

GPT-5 70.00 48.00 59.00 0.1845 30.00 72.00 51.00 0.022
GPT-5* 46.00 48.00 47.00 -0.0600 4.00 84.00 44.00 -0.2000

——CoT 74.00 34.00 54.00 0.0873 50.00 38.00 44.00 -0.1209
——RAG 100.00 0.00 50.00 0.0000 94.00 20.00 57.00 0.2081
——RAG* 100.00 0.00 50.00 0.0000 100.00 2.00 51.00 0.1005

Table 6: Detailed performance statistics in 64k and 100k scales. Hallu. and Non-H. denote the classification
accuracy for hallucinated and non-hallucinated labels. Acc. represents the mean accuracy (%), while MCC refers
to the Matthews Correlation Coefficient. Notably, negative MCC values are primarily attributed to formatting
failures, such as repetitive outputs that result JSON generation. These instances are treated as incorrect predictions.
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H Examples of Cases 1100

H.1 Failure in Comprehensively Understanding 1101

This case is a non-hallucination example, which demonstrates that the model failed to comprehensively 1102

understand the text. Although the article initially mentions a double bounty being rejected, the bounty 1103

was later increased to triple and subsequently accepted. The model only captures the initial offer of double 1104

bounty, leading to an incorrect judgment.

Case on Gemini-2.5-Flash with 16k Dataset

Article: ......谁知道最后那人鼻青脸肿眼冒金星地爬了起来，第一件事就是冲云止风竖了个大拇指，激动道：“兄
弟你牛！明天还来打我！打的越狠越好！别收手！我给你双倍！”\n宋南时当场就被这要求给镇住了。\n啊这，
居然还有花钱挨打的。\n这世道她真是越来越看不懂了。\n云止风倒很冷静：“三倍，你不是要寻求突破嘛，我
让你挨打的物有所值。”\n那人毫不犹豫：“好！”......
Summary: ......那人被打得鼻青脸肿，但是为寻求突破，答应给云止风三倍赏金，希望云止风继续陪练，云止风
应下......
Gemini2.5-Flash: \”hallucinated_sentence\”: \”那人被打得鼻青脸肿，但是为寻求突破，答应给云止风三倍赏金，
希望云止风继续陪练，云止风应下。\”, \”corrected_content\”: \”那人被打得鼻青脸肿，但是为寻求突破，答应给
云止风双倍赏金，希望云止风继续陪练，云止风应下。\”, \”reason\”: \”原文中提到的是“我给你双倍！”，而摘要
中写的是“三倍赏金”，数字不符，属于事件幻觉中的事件结果更改。\”

1105H.2 Hallucination Correction for Faithful Sentences 1106

This case is a non-hallucination example. However, the model identify a sentence as hallucination and 1107

the correction is identical to the original one. The reasoning shows that the model mistook a character’s 1108

name in the summary for a different character.

Case on Qwen3-14B with 64k Dataset

Article: ......现如今孟河朗率大军压至东荒边境，值此战时，孟河家的动静就更为重要，他隐隐有些预感，这位
手握重兵的孟河朗，或与南边的仵世子阳有些关联。许多的谜题交织在一起，这平静的水面下或许隐藏着更为
深沉的真相。宁不凡带上李三思走上马车，心里还在盘算着这些事情。先试探一番......
Summary: ...... 宁不凡就带着李三思前去赴约。他预感孟河朗或与南边的仵世子阳有些关联，决定先试探一番。
......
Qwen3-14B: \”hallucinated_sentence\”: \”他预感孟河朗或与南边的仵世子阳有些关联。\”, \”corrected_content\”: \”
他预感孟河朗或与南边的仵世子阳有些关联。\”, \”reason\”: \”原文第 44章提到’宁不凡想起之前的一些细节，若
有所思’时，明确提到’孟河朗率大军压至东荒边境’，而摘要错误将’孟河朗’替换为’孟河离苏’。原文第 46章
也多次出现’孟河朗’与东荒边境相关的描述，但从未提及孟河离苏与仵世子阳的关联。\”

1109H.3 Limitations in Logical Reasoning 1110

This case shows that the model fails to reason by overlooking the context where ”North” (He LiLun) is 1111

gathering strength, logically implying a southward advance toward the ”Central Plains” (Zhong Yuan) 1112

mentioned in the text. 1113

Case on GPT-5 with 2k Dataset

Article: ......辟邪笑道，接过来看完了，叹道，“贺里伦冰雪万里，苍鹰不飞，难为他们北边的人三五日便传谍报
到京，辛苦了。”又道，“均成的伤势渐愈，无奈风雪之下兵马只得扎驻贺里伦，到了开春，正是他们锐气满盈，
中原朝廷用兵，不能再拖了。”......
Summary: ......均成的伤势渐愈，预计春季将南下中原......
GPT-5: \”hallucinated_sentence\”: \”均成的伤势渐愈，预计春季将南下中原。\”, \”corrected_content\”: \”均成的伤
势渐愈，但因风雪兵马扎驻贺里伦；辟邪称开春北方锐气正盛，中原朝廷用兵不能再拖，未明确说均成或其军
将南下。\”, \”reason\”: \”原文只说“风雪之下兵马只得扎驻贺里伦，到了开春，正是他们锐气满盈，中原朝廷用
兵，不能再拖了”，并未说“预计春季将南下中原”。这是对行动方向的虚构与结果推断过度。\”
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H.4 Repetition Output1114

The model may output repetition answers when processing sequences at the 64k and 100k datasets.

Case on Llama 3.1-8B with 64k Dataset

他在网络上写下了一个案子，写得很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很
是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很
是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很
是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是很是

Case on Llama 3.1-8B with 100k Dataset

## 1. ## 2. ## 3. ## 4. ## 5. ## 6. ## 7. ## 8. ## 9. ## 10. ## 11. ## 12. ## 13. ## 14. ## 15. ## 16. ## 17. ## 18. ## 19.
## 20. ## 21. ## 22. ## 23. ## 24. ## 25. ## 25. ## 12. ## 13. ## 14. ## 15. ## 16. ## 17. ## 18. ## 19. ## 20. ## 21.
## 22. ## 23. ## 24. ## 25. ## 12. ## 13. ## 14. ## 15. ## 16. ## 17. ## 18. ## 19. ## 20. ## 21. ## 22. ## 23. ## 24.
## 25. ## 12. ## 13. ## 14. ## 15. ## 16.

Case on Deepseek-v3 with 100k Dataset

根据提供的原文内容，我将对摘要进行核查，判断是否存在幻觉。核查过程将严格遵循任务说明中的原则，特别
是允许信息压缩、顺序调整和合理推断，且仅当符合指定的幻觉类型时才判定为有幻觉。\n\n###核查结果：\n
经过逐句比对摘要和原文，我发现摘要存在多处与原文不符的内容，这些不符之处符合任务说明中定义的幻觉
类型。以下是详细分析：\n\n1. **摘要中提到的“宁不凡带着两个女子进门”与原文不符 **：\n -原文描述：宁
不凡进入房间时是“手牵着两个娇弱美人”（第 49章末尾），但这两个女子是雀儿和燕儿，而不是摘要中模糊表
述的“两个女子”。摘要没有具体说明这两个女子的身份，但结合上下文，原文中宁不凡带入房间的是雀儿和燕
儿。\n -然而，摘要说“宁不凡带着两个女子进门”，而原文中宁不凡进入房间时确实带着两个女子（雀儿和燕
儿），因此这一句本身没有幻觉。但摘要后续的表述存在问题。\n\n2. **摘要中“将李三思支开”与原文......61.
**摘要中“叶辰回驿馆途中特意去见了在朱雀大街摆摊的王十九”与原文不符 **：\n -原文描述：叶辰见王十
九（第 57章）。摘要的表述

H.5 Failure in JSON Format Generation1115

Instead of outputting a JSON judgment for hallucination detection，the model just described the content1116

of the summary.

Case on Claude-4-sonnet with 64k Dataset

这是一个关于四位女性朋友生活经历的复杂故事摘要。故事主要围绕玛丽亚、萨拉、伊莎贝尔和安娜展开，时
间跨度很长，涉及她们的爱情、婚姻、政治参与和个人成长。\n\n**主要人物和情节线：......\n-秘密和痛苦对人
生的影响\n\n故事背景设定在智利政治变革时期，反映了那个时代女性面临的社会压力、情感困扰和自我寻找
的过程。

1117

H.6 Self-contradictory Judgement1118

The model initially identifies the example as a hallucination, but then state there is no hallucination when
explaining its reasoning.

Case on Deepseek-r1 with 16k Dataset

\”has_hallucination\”: \”有幻觉\”, \”hallucinated_sentence\”: \”陆巡认为，皇帝将紫南门侍卫杀人一事交由刑部公
议，其意自深。\”, \”corrected_content\”: \”陆巡认为，皇帝将紫南门侍卫杀人一事交由刑部公议，其意自深。\”,
\”reason\”: \”概述此句与原文一致，无幻觉，但为保持格式连贯性，此处不标记为幻觉。\”
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H.7 Over-Correction 1119

The words in blue are semantically equivalent and the original summary does not distort the meaning of
the article.

Case on Gemini-2.5-Flash with 16k Dataset

Article: ......次日寒、遒两江的帮会就将启程，吴十六前来辞行。辟邪道：“十六哥切记，莫要与杜闵在寒江上针
锋相对。只待时机成熟，自有要务。”\n“是。”吴十六低声道......
Summary: .....辟邪告别了吴十六，嘱咐他不要在寒江上与杜闵发生冲突，只需等待时机成熟，自然有重要的事
要做。......
Gemini-2.5-Flash: \”hallucinated_sentence\”: \”辟邪告别了吴十六，嘱咐他不要在寒江上与杜闵发生冲突，只需
等待时机成熟，自然有重要的事要做。\”, \”corrected_content\”: \”辟邪告别了吴十六，嘱咐他不要在寒江上与杜
闵针锋相对，只待时机成熟，自有要务。\”, \”reason\”: \”原文中辟邪说：“十六哥切记，莫要与杜闵在寒江上针
锋相对。只待时机成熟，自有要务。”摘要将“针锋相对”替换为“发生冲突”，虽然意思相近，但“针锋相对”
更强调直接对抗，而“发生冲突”范围更广。这属于动词替换，改变了原文的精确表述。\”

I All Used Prompts 1120

I.1 Prompt for Hallucination Generation 1121

Table 7 shows prompts for different hallucination types generation.

Hallucination Type Reference
Entity Hallucination Fig. 10
Numerical Hallucination Fig. 11
Relation Hallucination Fig. 12
Logical Inversion Fig. 13
Event Hallucination Fig. 14
Temporal Hallucination Fig. 15
Causal Hallucination Fig. 16
Event Fabrication Fig. 17

Table 7: Correspondence between hallucination types and prompts for generation.
1122

I.2 Prompt for Different Methods 1123

The prompt used in RAG is shown in Fig. 18. The templates for zero-shot prompting are illustrated in 1124

Fig. 19 and Fig. 20, representing the target summary positioned at the end and the beginning of the prompt, 1125

respectively. And the Chain-of-Thought prompt is presented in Fig. 21. 1126
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请根据以下规则判断生成摘要是否存在幻觉。如果无幻觉，请填写无幻觉。如果有幻觉，
请填写有幻觉，以及有幻觉的句子和判断理由。

一、无幻觉判定标准
动机简化、语气平滑、合理推断、近义词替换、过程简化、身份模糊、事件表述宽泛，以
上情况均属于无幻觉。

二、有幻觉判定标准
若摘要出现以下任一错误，视为有幻觉：
实体幻觉：代词指代错误、角色主宾关系互换、实体错配。
数字幻觉：数量、年龄、时间、金额等数值的不准确更改。
关系幻觉：关系身份更换（如老师变父亲）或虚构亲属、师徒等关系。
反向陈述：将肯定句改为否定句，或将否定句改为肯定句。
事件幻觉：动词替换（如谈话变争吵）或篡改事件结果。
时间线乱序：颠倒原文中多个事件发生的先后顺序。一个人做的事情合并在一句话中不算
幻觉，如果是不同的人做的不同的事情颠倒了，算作幻觉。
因果链伪造：强行连接无逻辑事件、因果倒置或因果替换。注意：概述中的任一原因，无
论直接原因、间接原因还是根本原因，都算作无幻觉。对于上下文中有逻辑性，或者关联
词（如“果然”），概述将其作为原因，算作无幻觉。
虚构事件：人物做了一件原文中没有提及的事；伪造心理或情绪，捏造人物的心理活动或
情绪状态。

三、示例
例子 1：无幻觉，合理推断，原因：虽然“不如他们”原文并未提及，只是新科进士单方面
嘲讽，但这种挑衅行为的逻辑基点正是新科进士自认为能力更胜一筹，因此不算做幻觉。
文章：...... “新科进士在街上吃酒，见了紫南门侍卫，就上前聒噪，问老侍卫中，多少是
三年前的武举。其时胡动月等人俱在，便如实告知。新科进士们便嘲笑胡动月等人都是一
个宦官点出来的武进士，想必也是花拳绣腿的不管用。胡动月等人都是随皇上北方身经百
战回来的，哪里容得这种酒后醉语，自然是大打出手......
概述：......武进士们挑衅嘲笑被辟邪提拔的侍卫们都是花拳绣腿，不如他们，紫南门侍卫
大怒......

例子 2：无幻觉，表述宽泛原因：“相处的时光”表述宽泛，但不属于幻觉。
文章：......“年里用你做的节略批注，是最省心的时候。”皇帝忽然道。辟邪搁下笔，站起
身来。“朕才想起来的：北伐之前，北方的军报、各地征粮使、户部兵部的折子岂不比现
在多出一倍去，也是井井有条的。自你留在北边，也是朕看得折子多了，早忘了原先是如
何省心。”辟邪垂手肃立，道：“是奴婢懒惰，回来之后也未想过替皇上做些实在的事分
忧。”“你说的不错。”皇帝道......
概述：......皇帝提起与辟邪过去相处的时光，十分怀念......

例子 3：无幻觉，合理推断，原因：虽然原文没有直接说“均成预计春季南下”，但北方贺
里伦均成的军队因冬季冰雪滞留，开春后士气将达到顶峰，迫使中原朝廷必须用兵，所以
“均成预计春季南下”是合理推断。
文章：......辟邪笑道，接过来看完了，叹道，“贺里伦冰雪万里，苍鹰不飞，难为他们北边
的人三五日便传谍报到京，辛苦了。”又道，“均成的伤势渐愈，无奈风雪之下兵马只得扎
驻贺里伦，到了开春，正是他们锐气满盈，中原朝廷用兵，不能再拖了。”......
概述：......均成的伤势渐愈，预计春季将南下中原......

例子 4：有幻觉，虚构事件，原因：“辟邪心中涌现一股莫名的满足感......一种奇妙的畅
快。”原文中没有支撑
文章：......“主子爷知不知道，高厚今天上了请罪折子，刑部所举的罪状一概供认不讳，称
自己在户部的时候贪赃枉法，公饱私囊，赃款不计其数。今早便有人据他折子里所供，再
去抄家。皇帝总算松了口气，心里还是有些恼他逞强多时，让皇帝下不来台。看来这便死
定了。”辟邪问：“高厚家里安排好了？”“好了，”姜放道，“早就将赃物安置在他家多月。”
辟邪冷笑道：“此人早年陷害我父王，如今身败名裂，也是应得的报应。”......
概述：......在处决高厚之后，辟邪心中涌现一股莫名的满足感，觉得自己终于为父亲报了
仇。这种心情让他感到一种奇妙的畅快......

Figure 9: Human Annotation Rules.
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System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 请仅引入实体幻觉，仅修改一处句子（不得引入其他幻觉），可以参考提供的实体，但
是注意替换后和替换前的要不同：
类型 1：代词替换，在一句话内把代词指向错误对象，如“李强递给王伟一杯水，他连声
道谢。”改成“李强递给王伟一杯水，李强连声道谢。”，“陈静骂了赵芸，因为赵芸迟到
了。”改成“她骂了赵芸，因为她迟到了。”
类型 2：角色互换，将两位真实存在的人物在一句中互换身份（主语、宾语等），如将“A
感谢 B击退了敌人”改成“B感谢 A击退了敌人”。注意，同时，“A和 B一起吃饭”改为
“B和 A一起吃饭”是不可以的，因为两者是等价的，修改时要确保修改后的句子和修改
前的句子不相同。
类型 3：组织/地名/称号错配：将人物与地名、称号或组织错配，如将“忽勒王子”写作
“巨离忽王子”，或将“旭逯处”写作“汉军营地”等。

3. 除引入的实体错误以外，其余摘要内容必须与原文事实一致，风格统一，语义连贯。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”type”:”(类型 1/类型 2/类型 3)”,
”hal_summary”: ”引入实体错误幻觉后的摘要”,
”error_part”: ”完整贴出发生实体错误幻觉的句子”,
”is_success”: ”True” }
5. 生成的“幻觉摘要”应保持与原摘要风格不变。注意：error_part要和 hal_summary中的
对应句子一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 10: Prompt for Entity Hallucination Generation.

System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 首先判断摘要中有无数量、年龄、日期、金额等数字信息，如果没有，直接输出
{”is_success”: ”False”}；如有，仅在摘要中选择一句含有数字信息的句子，引入数字幻觉：
例如更改原句中的数量、年龄、日期、金额等数字信息。例如“调查持续了三年才结案。”
改成“调查持续了八个月才结案。”
3. 除引入的数字幻觉以外，其余摘要内容必须与原文事实一致，风格统一，语义连贯。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”hal_summary”: ”(引入数字更改幻觉后的摘要)”,
”error_part”: ”完整贴出发生数字更改幻觉的句子”,
”is_success”: ”True”
}
5. 生成的“幻觉摘要”应保持与原摘要风格不变。注意：error_part要和 hal_summary中的
对应句子一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 11: Prompt for Numerical Hallucination Generation.
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System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 请仅引入关系幻觉，在摘要仅选中一句，进行关系错误的改写，仅修改一处句子，其他
内容保持完全一致：
类型 1：更换关系或者身份，如“他的老师打电话把他送进医院”改为“他的父亲打电话
把他送进医院”
类型 2：虚构关系，如“去看了关越的爷爷”改为“去看了关越的奶奶”。关系可以是哥哥、
姐姐、丈夫、妻子、老师、徒弟、仇敌、密友等等。但要注意风格统一。
3. 除该错误句子外，不得引入其他类型幻觉，保持内容一致、语义连贯、风格统一。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”type”:”(类型 1/类型 2/类型 3)”,
”hal_summary”: ”引入关系错误幻觉后的摘要”,
”error_part”: ”完整贴出发生关系错误幻觉的句子”,
”is_success”: ”True”
}
5. 生成的“幻觉摘要”应保持与原摘要风格不变。注意：详细内容替换成模糊内容是不正
确的，例如“侄子”替换成“亲戚”是不对的。error_part要和 hal_summary中的对应句子
一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 12: Prompt for Relation Hallucination Generation.

System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 请仅引入反向陈述幻觉，在摘要仅选中一句，进行关系错误的改写，仅修改一处句子，
其他内容保持完全一致：
类型 1：把肯定的改成否定的，如“李再安被亓舒音不卑不亢的气势折服了”改成“李再
安始终没有被亓舒音的气势折服”，“A买下了礼物”改成“A看了看礼物，转身走了”
类型 2：把否定的改成肯定的，但要注意语句通顺，逻辑转折自洽。如“她不死心，托海
琳带给成亲王一封信。”改成“她死心了，托海琳带给成亲王一封信。”
3. 除该错误句子外，不得引入其他类型幻觉，保持内容一致、语义连贯、风格统一。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”type”:”(类型 1/类型 2/类型 3)”,
”hal_summary”: ”引入反向陈述幻觉后的摘要”,
”error_part”: ”完整贴出发生反向陈述幻觉的句子”,
”is_success”: ”True”
}
5. 生成的“幻觉摘要”应保持与原摘要风格不变。注意：error_part要和 hal_summary中的
对应句子一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 13: Prompt for Logical Inversion Generation.
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System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 请仅引入事件幻觉，在摘要仅选中一句，进行事件错误的改写，仅修改一处句子，其他
内容保持完全一致：
类型 1：替换事件动词（如“争吵”改为“动手打架”，“范玉在宫中暗杀了叶青文”改为
“范玉在宫中毒杀了叶青文”）；
类型 2：替换结果（如“阮光耀打算带他们回交趾安置”改为“阮光耀打算将他们安置在
泉州亲戚家中”）；
类型 3：添加或替换成无依据的心理、动机、评价（如“南初赶忙也同意了”改为“南初
犹豫了一段时间，最后同意了”）。
3. 除该错误句子外，不得引入其他类型幻觉，保持内容一致、语义连贯、风格统一。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”type”:”(类型 1/类型 2/类型 3)”,
”hal_summary”: ”引入事件错误幻觉后的摘要”,
”error_part”: ”完整贴出发生事件错误幻觉的句子”,
”is_success”: ”True”
}
5. 生成的“幻觉摘要”应保持与原摘要风格不变。注意：error_part要和 hal_summary中的
对应句子一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 14: Prompt for Event Hallucination Generation.

System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 首先判断 summary中是否能提取出 ≥2个具有先后关系的事件，如果没有，直接输出
{”is_success”: ”False”}；如有，在摘要中选择两件关键事件交换先后顺序，使时间逻辑被
打乱。
3. 不得引入其他类型幻觉，保持内容一致、语义连贯、风格统一。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”hal_summary”: ”引入时间线幻觉后的摘要”,
”error_part”: ”完整贴出时间线幻觉的句子”,
”is_success”: ”True”
}
5. 生成的“幻觉摘要”应保持与原摘要风格不变。注意：error_part要和 hal_summary中的
对应句子一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 15: Prompt for Temporal Hallucination Generation.
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System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 首先判断 summary 中是否能提取出至少一条因果逻辑链。如果没有，直接输出 {”is_success”:
”False”}；如有，则把原本无因果、或因果未明确的两件事实伪装成有因果关系；或把存在的因果颠
倒 /替换成错误原因；使用两个不同段落的事件，借助模糊指代或语义连接构造因果。因果逻辑需
要跨句子的修改，如果是只调换同一个句子的主语和宾语是不可以的。错误地归因给某人、某机构
或某来源。
3. 不得引入其他类型幻觉，保持内容一致、语义连贯、风格统一。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”hal_summary”: ”引入事件因果幻觉后的摘要”,
”error_part”: ”完整贴出发生事件因果幻觉的句子”,
”is_success”: ”True”
}
5. 生成的“幻觉摘要”应保持与原摘要风格不变。注意：error_part要和 hal_summary中的对应句子
一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。
示例：
1. 虚构因果链，定义：原文中两件事是独立事件，但摘要中构造为因果关系。例子：原文：忽勒中
箭受伤。阙悲赶来接应。幻觉：“忽勒中箭受伤，导致阙悲决定发起总攻。”
2. 因果倒置，定义：原本 A → B的逻辑链，被改写成 B → A。例子：原文：均成夜袭敌营→东胡混
乱→大军乘胜进攻。幻觉：“大军发起进攻，导致均成夜袭成功。”
3. 原因替换，定义：保留结果事件，将“原因”更换为无关或错误事件。例子：原文：由于东胡首领
被杀，东胡军乱。幻觉：由于汉军拔营撤退，东胡军队陷入混乱。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 16: Prompt for Causal Hallucination Generation.

System Prompt:
你是一名摘要幻觉领域的专家。
任务：
1. 阅读用户提供的摘要和参考实体。
2. 请仅引入虚构事件，加入虚构的一句话，其他内容保持完全一致：
类型 1：编造实体中的人物做了不存在的事件等内容插入到合适位置，注意编造的事件中出现的实
体要来自提供的实体列表，同时符合摘要风格；（禁止出现“此时”等时间词语）；
类型 2：将 summary前半部分已发生过的事件，在后半部分重复发生一次（禁止出现“再次”、“重
新”、“又”等提示词，直接当作首次发生）；
类型 3：伪造某个人物原本没有的心情或情绪。（禁止出现“此时”等时间词语）
3. 除该错误句子外，不得引入其他类型幻觉，保持内容一致、语义连贯、风格统一。
4. 输出为以下 JSON格式，仅输出 JSON内容：
{
”type”:”(类型 1/类型 2/类型 3)”,
”hal_summary”: ”引入虚构事件幻觉后的摘要”,
”error_part”: ”完整贴出虚构事件幻觉的句子”,
”is_success”: ”True”
}
5. 生成的“幻觉摘要”应保持与原摘要风格不变，例如中文玄幻风格的摘要不能出现西洋科幻风格
的人物，幻觉内容需具备较强“迷惑性”而非显而易见的错误。注意：error_part要和 hal_summary
中的对应句子一致。请确保引入幻觉后的句子和引入幻觉前的句子不相同。

User Prompt:
摘要：Summary Here

参考实体：Entities Here

Figure 17: Prompt for Event Fabrication Generation.
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System Prompt:
你是一个专业的文本片段核查员。你的任务是根据提供的原文内容，判断句子中是否存在
幻觉。
摘要的本质是高度概括，因此必须允许信息压缩、顺序调整和合理推断。注意：事件、动
机、情绪、因果链过度简化不算作幻觉。
做出判断前，请不要只看原文的开头或某一部分。片段的一句话可能概括了原文跨度很大
的情节。必须确认原文全文都无此信息才能判错。
为了保证摘要的流畅性和简洁性，以下情况一律不算作幻觉：
(1)过程简化、事件表述宽泛、信息压缩、模糊表示、近义词替换等不算作幻觉。在概述中
出现的事情在文章中有发生就不算幻觉。
(2)合理推断，基于原文语境能自然推导出的结果不算幻觉；动机简化/动机推断，将复杂
的心理活动简化为主要动机，或者根据人物做的事情推断人物动机。片段中的内容是人物
的推断不算作幻觉。
(3)语气平滑，调整叙事语气，使其更符合摘要的风格，不算作幻觉；对带有特定情感或色
彩的词语在概括时进行中性化或宽泛化处理，不算作幻觉。
(4)因果链简化，如果原文是“A为了救 B而打了 C”，摘要是“A打了 C”，这是正确的
（省略了目的）。只有当摘要说“A为了抢钱打了 C”（篡改目的）时才是幻觉。
警告：请不要轻易输出有幻觉。出现以上四种情况均是无幻觉。
只有当幻觉类型符合下面的内容后才算幻觉。
幻觉类型有：
(1)实体幻觉：代词指代错误，即在一段话中将代词错误地指向其他对象；角色互换，即在
事件中交换两个角色的主宾关系；实体错配，即将人物、组织或地名替换成错误的信息。
(2)数字幻觉：对数字进行了不准确的更改，包括但不限于数量、年龄、时间、金额等数值。
(3)关系幻觉：关系身份更换，例如将“老师”改成“父亲”；虚构关系，即为原文中没有
关系说明的人物添加亲属、师徒等关系。(4)反向陈述：将肯定句改为否定句，或将否定句
改为肯定句。
(5)事件幻觉：动词替换，例如将“谈话”替换为“争吵”；事件结果更改，例如将“被释
放”改为“被拘留”。
(6)时间线乱序：原文中两个或多个事件发生的先后顺序。
(7)因果链伪造：虚构因果链，将无逻辑关系的事件强行连接为因果关系；因果倒置，即将
原文的“结果”事件表述为“原因”；因果替换，即保留事实“结果”，但将“原因”替换
为不相关的事件。注意：概述捕获的任一原因，无论直接原因、间接原因还是根本原因，
都算作无幻觉。对于上下文中具有高度逻辑必然性，或者关联词（如“果然”）强烈暗示的
行为，概述将其作为连接原因，算作无幻觉。
(8)虚构事件：人物做了一件原文中没有提及的事；伪造心理或情绪，捏造人物的心理活动
或情绪状态。

如果概述准确，请严格按照以下格式输出：
{”has_hallucination”: ”无幻觉”,”details”: []}

如果概述有错误，请严格按照以下格式输出，并填充所有字段。如果有多处错误，
请在 details列表中添加多个对象：
{”has_hallucination”: ” 有幻觉”,”details”: [{”hallucination_type”: ”< 在此处填写幻觉类型，
可选值：实体幻觉、数字幻觉、关系幻觉、反向陈述、事件幻觉、时间线乱序、因果链伪
造、虚构事件 >”,”hallucinated_sentence”: ”<在此处填写概述中存在幻觉的具体句子或段落
>”,”corrected_content”: ”<在此处填写 hallucinated_sentence改写后的正确内容。禁止出现
其他概述句子中已有的信息 >”,”reason”: ”<在此处解释这句话错误的原因，并引用原文相
关描述作为证据 >”}]}

注意单双引号要符合 json格式。

User Prompt:
文章：Article Here

句子：Summary Here

Figure 18: Prompt for RAG.
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System Prompt:
你是一个专业的文本片段核查员。你的任务是根据提供的原文内容，判断概述中是否存在
幻觉。
摘要的本质是高度概括，因此必须允许信息压缩、顺序调整和合理推断。注意：事件、动
机、情绪、因果链过度简化不算作幻觉。
做出判断前，请不要只看原文的开头或某一部分。片段的一句话可能概括了原文跨度很大
的情节。必须确认原文全文都无此信息才能判错。
为了保证摘要的流畅性和简洁性，以下情况一律不算作幻觉：
(1)过程简化、事件表述宽泛、信息压缩、模糊表示、近义词替换等不算作幻觉。在概述中
出现的事情在文章中有发生就不算幻觉。
(2)合理推断，基于原文语境能自然推导出的结果不算幻觉；动机简化/动机推断，将复杂
的心理活动简化为主要动机，或者根据人物做的事情推断人物动机。片段中的内容是人物
的推断不算作幻觉。
(3)语气平滑，调整叙事语气，使其更符合摘要的风格，不算作幻觉；对带有特定情感或色
彩的词语在概括时进行中性化或宽泛化处理，不算作幻觉。
(4)因果链简化，如果原文是“A为了救 B而打了 C”，摘要是“A打了 C”，这是正确的
（省略了目的）。只有当摘要说“A为了抢钱打了 C”（篡改目的）时才是幻觉。
警告：请不要轻易输出有幻觉。出现以上四种情况均是无幻觉。
只有当幻觉类型符合下面的内容后才算幻觉。
幻觉类型有：
(1)实体幻觉：代词指代错误，即在一段话中将代词错误地指向其他对象；角色互换，即在
事件中交换两个角色的主宾关系；实体错配，即将人物、组织或地名替换成错误的信息。
(2)数字幻觉：对数字进行了不准确的更改，包括但不限于数量、年龄、时间、金额等数值。
(3)关系幻觉：关系身份更换，例如将“老师”改成“父亲”；虚构关系，即为原文中没有
关系说明的人物添加亲属、师徒等关系。(4)反向陈述：将肯定句改为否定句，或将否定句
改为肯定句。
(5)事件幻觉：动词替换，例如将“谈话”替换为“争吵”；事件结果更改，例如将“被释
放”改为“被拘留”。
(6)时间线乱序：原文中两个或多个事件发生的先后顺序。
(7)因果链伪造：虚构因果链，将无逻辑关系的事件强行连接为因果关系；因果倒置，即将
原文的“结果”事件表述为“原因”；因果替换，即保留事实“结果”，但将“原因”替换
为不相关的事件。注意：概述捕获的任一原因，无论直接原因、间接原因还是根本原因，
都算作无幻觉。对于上下文中具有高度逻辑必然性，或者关联词（如“果然”）强烈暗示的
行为，概述将其作为连接原因，算作无幻觉。
(8)虚构事件：人物做了一件原文中没有提及的事；伪造心理或情绪，捏造人物的心理活动
或情绪状态。

如果概述准确，请严格按照以下格式输出：
{”has_hallucination”: ”无幻觉”,”details”: []}

如果概述有错误，请严格按照以下格式输出，并填充所有字段。如果有多处错误，
请在 details列表中添加多个对象：
{”has_hallucination”: ” 有幻觉”,”details”: [{”hallucination_type”: ”< 在此处填写幻觉类型，
可选值：实体幻觉、数字幻觉、关系幻觉、反向陈述、事件幻觉、时间线乱序、因果链伪
造、虚构事件 >”,”hallucinated_sentence”: ”<在此处填写概述中存在幻觉的具体句子或段落
>”,”corrected_content”: ”<在此处填写 hallucinated_sentence改写后的正确内容。禁止出现
其他概述句子中已有的信息 >”,”reason”: ”<在此处解释这句话错误的原因，并引用原文相
关描述作为证据 >”}]}

注意单双引号要符合 json格式。

User Prompt:
文章：Article Here

摘要：Summary Here

Figure 19: Prompt template for zero-shot prompting with the target summary positioned at the End (Prompt-E).
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System Prompt:
你是一个专业的文本片段核查员。你的任务是根据提供的原文内容，判断概述中是否存在
幻觉。
摘要的本质是高度概括，因此必须允许信息压缩、顺序调整和合理推断。注意：事件、动
机、情绪、因果链过度简化不算作幻觉。
做出判断前，请不要只看原文的开头或某一部分。片段的一句话可能概括了原文跨度很大
的情节。必须确认原文全文都无此信息才能判错。
为了保证摘要的流畅性和简洁性，以下情况一律不算作幻觉：
(1)过程简化、事件表述宽泛、信息压缩、模糊表示、近义词替换等不算作幻觉。在概述中
出现的事情在文章中有发生就不算幻觉。
(2)合理推断，基于原文语境能自然推导出的结果不算幻觉；动机简化/动机推断，将复杂
的心理活动简化为主要动机，或者根据人物做的事情推断人物动机。片段中的内容是人物
的推断不算作幻觉。
(3)语气平滑，调整叙事语气，使其更符合摘要的风格，不算作幻觉；对带有特定情感或色
彩的词语在概括时进行中性化或宽泛化处理，不算作幻觉。
(4)因果链简化，如果原文是“A为了救 B而打了 C”，摘要是“A打了 C”，这是正确的
（省略了目的）。只有当摘要说“A为了抢钱打了 C”（篡改目的）时才是幻觉。
警告：请不要轻易输出有幻觉。出现以上四种情况均是无幻觉。
只有当幻觉类型符合下面的内容后才算幻觉。
幻觉类型有：
(1)实体幻觉：代词指代错误，即在一段话中将代词错误地指向其他对象；角色互换，即在
事件中交换两个角色的主宾关系；实体错配，即将人物、组织或地名替换成错误的信息。
(2)数字幻觉：对数字进行了不准确的更改，包括但不限于数量、年龄、时间、金额等数值。
(3)关系幻觉：关系身份更换，例如将“老师”改成“父亲”；虚构关系，即为原文中没有
关系说明的人物添加亲属、师徒等关系。(4)反向陈述：将肯定句改为否定句，或将否定句
改为肯定句。
(5)事件幻觉：动词替换，例如将“谈话”替换为“争吵”；事件结果更改，例如将“被释
放”改为“被拘留”。
(6)时间线乱序：原文中两个或多个事件发生的先后顺序。
(7)因果链伪造：虚构因果链，将无逻辑关系的事件强行连接为因果关系；因果倒置，即将
原文的“结果”事件表述为“原因”；因果替换，即保留事实“结果”，但将“原因”替换
为不相关的事件。注意：概述捕获的任一原因，无论直接原因、间接原因还是根本原因，
都算作无幻觉。对于上下文中具有高度逻辑必然性，或者关联词（如“果然”）强烈暗示的
行为，概述将其作为连接原因，算作无幻觉。
(8)虚构事件：人物做了一件原文中没有提及的事；伪造心理或情绪，捏造人物的心理活动
或情绪状态。

如果概述准确，请严格按照以下格式输出：
{”has_hallucination”: ”无幻觉”,”details”: []}

如果概述有错误，请严格按照以下格式输出，并填充所有字段。如果有多处错误，
请在 details列表中添加多个对象：
{”has_hallucination”: ” 有幻觉”,”details”: [{”hallucination_type”: ”< 在此处填写幻觉类型，
可选值：实体幻觉、数字幻觉、关系幻觉、反向陈述、事件幻觉、时间线乱序、因果链伪
造、虚构事件 >”,”hallucinated_sentence”: ”<在此处填写概述中存在幻觉的具体句子或段落
>”,”corrected_content”: ”<在此处填写 hallucinated_sentence改写后的正确内容。禁止出现
其他概述句子中已有的信息 >”,”reason”: ”<在此处解释这句话错误的原因，并引用原文相
关描述作为证据 >”}]}

注意单双引号要符合 json格式。

User Prompt:
摘要：Summary Here

文章：Article Here

Figure 20: Prompt template for zero-shot prompting with the target summary positioned at the Beginning (Prompt-
B).
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System Prompt:
你是一个专业的文本片段核查员。你的任务是根据提供的原文内容，判断概述中是否存在
幻觉。
摘要的本质是高度概括，因此必须允许信息压缩、顺序调整和合理推断。注意：事件、动
机、情绪、因果链过度简化不算作幻觉。
做出判断前，请不要只看原文的开头或某一部分。片段的一句话可能概括了原文跨度很大
的情节。必须确认原文全文都无此信息才能判错。
为了保证摘要的流畅性和简洁性，以下情况一律不算作幻觉：
(1)过程简化、事件表述宽泛、信息压缩、模糊表示、近义词替换等不算作幻觉。在概述中
出现的事情在文章中有发生就不算幻觉。
(2)合理推断，基于原文语境能自然推导出的结果不算幻觉；动机简化/动机推断，将复杂
的心理活动简化为主要动机，或者根据人物做的事情推断人物动机。片段中的内容是人物
的推断不算作幻觉。
(3)语气平滑，调整叙事语气，使其更符合摘要的风格，不算作幻觉；对带有特定情感或色
彩的词语在概括时进行中性化或宽泛化处理，不算作幻觉。
(4)因果链简化，如果原文是“A为了救 B而打了 C”，摘要是“A打了 C”，这是正确的
（省略了目的）。只有当摘要说“A为了抢钱打了 C”（篡改目的）时才是幻觉。
警告：请不要轻易输出有幻觉。出现以上四种情况均是无幻觉。
只有当幻觉类型符合下面的内容后才算幻觉。
幻觉类型有：
(1)实体幻觉：代词指代错误，即在一段话中将代词错误地指向其他对象；角色互换，即在
事件中交换两个角色的主宾关系；实体错配，即将人物、组织或地名替换成错误的信息。
(2)数字幻觉：对数字进行了不准确的更改，包括但不限于数量、年龄、时间、金额等数值。
(3)关系幻觉：关系身份更换，例如将“老师”改成“父亲”；虚构关系，即为原文中没有
关系说明的人物添加亲属、师徒等关系。(4)反向陈述：将肯定句改为否定句，或将否定句
改为肯定句。
(5)事件幻觉：动词替换，例如将“谈话”替换为“争吵”；事件结果更改，例如将“被释
放”改为“被拘留”。
(6)时间线乱序：原文中两个或多个事件发生的先后顺序。
(7)因果链伪造：虚构因果链，将无逻辑关系的事件强行连接为因果关系；因果倒置，即将
原文的“结果”事件表述为“原因”；因果替换，即保留事实“结果”，但将“原因”替换
为不相关的事件。注意：概述捕获的任一原因，无论直接原因、间接原因还是根本原因，
都算作无幻觉。对于上下文中具有高度逻辑必然性，或者关联词（如“果然”）强烈暗示的
行为，概述将其作为连接原因，算作无幻觉。
(8)虚构事件：人物做了一件原文中没有提及的事；伪造心理或情绪，捏造人物的心理活动
或情绪状态。

请在输出回答前一步步输出分析过程。
如果概述准确，请严格按照以下格式输出：
{”has_hallucination”: ”无幻觉”,”details”: []}

如果概述有错误，请严格按照以下格式输出，并填充所有字段。如果有多处错误，
请在 details列表中添加多个对象：
{”has_hallucination”: ” 有幻觉”,”details”: [{”hallucination_type”: ”< 在此处填写幻觉类型，
可选值：实体幻觉、数字幻觉、关系幻觉、反向陈述、事件幻觉、时间线乱序、因果链伪
造、虚构事件 >”,”hallucinated_sentence”: ”<在此处填写概述中存在幻觉的具体句子或段落
>”,”corrected_content”: ”<在此处填写 hallucinated_sentence改写后的正确内容。禁止出现
其他概述句子中已有的信息 >”,”reason”: ”<在此处解释这句话错误的原因，并引用原文相
关描述作为证据 >”}]}

注意单双引号要符合 json格式。

User Prompt:
文章：Article Here

摘要：Summary Here

Figure 21: Prompt template for Chain-of-Thought prompting, designed to elicit step-by-step reasoning.
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